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This research establishes a cohesive swarm intelligence framework used for
climate simulations derived from the coupled model intercomparison project
phase 6 (CMIP6), obtained from the earth system grid federation (ESGF).
The study examines essential environmental variables such as near-surface
air temperature (tas), sea-level pressure (psl), precipitation (pr), surface
shortwave radiation (rsds), and longwave radiation (rlds). The system
specifically evaluates a global mean surface temperature rise of 1.72 °C, a
psl range of 980-1,030 hPa, pr anomalies averaging +1.3 mm/day, rsds
values fluctuating between 140-280 W/m?, and rlds values reaching a
maximum of 350 W/m?2 for high-emission shared socioeconomic pathways
(SSP)5-8.5 scenarios. The characteristics served as inputs for decentralized
particle swarm architecture aimed at identifying ecological stress signs via
geographic anomaly divergence, entropy deviation, and signal intensity
thresholds. The model simulated swarm behavior across temporal CMIP
grids, effectively capturing changes in climatic feedback and highlighting

areas of ecological instability. The swarm framework dynamically analyzes
pattern-based fluctuations in model output, facilitating ecocritical evaluation
of environmental risk. This hybrid method integrates physically based
climate data with adaptive artificial intelligence (Al) modeling, providing an
ecologically contextual understanding of earth system changes and
improving predictive insights for sustainability and policy formulation.
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1. INTRODUCTION

Climate modeling has been essential to comprehending Earth's complex environmental processes for
a decade. The coupled model intercomparison project (CMIP), specifically CMIP phase 6 (CMIP6), has
allowed scientists to assess emission-driven scenarios and climate responses using standardized, multi-model
datasets. These earth system grid federation (ESGF) datasets simulate temperature anomalies, sea-level
pressure (psl), precipitation (pr) variability, and radiation fluxes robustly. At the same time, artificial
intelligence (Al), particularly swarm intelligence, has emerged as a fresh way to optimize and navigate high-
dimensional information. Swarm intelligence, inspired by biological processes, lets decentralized agents
adaptively explore data landscapes, improving environmental prediction, pattern identification, and feedback
loop discovery. Integrated methods that combine climate simulations' interpretative capability with adaptive
Al models' pattern-resolving power are lacking.
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Despite substantial simulation data from CMIP6 models, typical climate analysis approaches
frequently use deterministic or statistical modeling, which may not capture emergent or nonlinear biological
phenomena. Parameter tweaking and fixed regression frameworks fail to investigate model biases, ensemble
variability, and localized anomaly transitions. Intelligent systems that read multi-scenario CMIP results and
adjust to uncertainty and transitions are essential. Existing work mostly uses CMIP datasets for downscaling
or forecasting, with little swarm-based intelligence to study inter-model spatial entropy, signal thresholds,
and ecological feedback areas. This gap hinders ecocritical interpretation, which examines how
environmental data tell the story of planetary change, risk, and resilience.

The need to improve climate simulation computational interpretation and ecological awareness via
adaptive modeling motivates this study. CMIP6 provides structured, scenario-based climate forecasts but no
dynamic exploratory method to uncover nonlinear spatial-temporal climate signal changes. Decentralized and
iterative convergence behaviors of swarm intelligence may help extract subtle but critical patterns of
environmental instability, especially across variables like near-surface air temperature (tas), pr, psl, surface
shortwave radiation (rsds), and longwave flux. This study combines CMIP climate simulation results with
swarm-based learning to create an interpretative, adaptive, and ecologically grounded analytical model.
Environmental forecasting and ecocritical concerns regarding uncertainty, narrative structure, and emergent
system behavior areas standard modeling techniques fail to represent are supported by such integration.

This study aims to create a hybrid ecocritical modeling system that uses swarm intelligence and
CMIP6 climate simulation results to discover environmental feedback loops, geographical transition zones,
and high-risk anomaly clusters. Parameter-specific agents investigate model output spaces across shared
socioeconomic pathways (SSP) situations. We focus on ecological factors that represent climate sensitivity
and atmospheric instability. This integration helps academics, policymakers, and sustainability analysts
derive relevant conclusions from complicated model ensembles by enabling dynamic and context-aware
climate risk interpretations. The main contributions of this work are as follows:

i) A novel integration of swarm intelligence with ESGF-hosted CMIP6 datasets to perform ecocritical
environmental analysis across multi-model outputs.

ii)  Extraction and modeling of key parameters, including tas, psl, pr, rsds, and longwave radiation (rlds), with
actual scenario-based ranges and anomaly thresholds.

iii) Implementation of swarm-based algorithms for optimizing spatial entropy, signal threshold divergence,
and anomaly trajectory detection across historical and high-emission (SSP5-8.5) climate pathways.

iv) Demonstration of how decentralized adaptive modeling enables real-time identification of ecological stress
patterns in CMIP outputs with improved interpretability.

The remaining strategy is constructed as follows. Section 2 reviews CMIP-based environmental
modeling and swarm intelligence literature. Methodology, data extraction, swarm agent modeling, and
simulation process are covered in section 3. The integrated system's experimental findings and ecological
interpretations are discussed in section 4. Section 5 summarizes results and discusses ecocritical modeling
and climate-aware Al system directions.

A thorough examination of CMIP climate model ensembles tackles variability and detects outliers,
using sophisticated statistical methods. The enhanced predictions provide essential insights into regional
climate patterns, allowing policymakers and researchers to make educated choices about variability
management and the mitigation of catastrophic climatic occurrences. The technique emphasises the need for
ongoing enhancement of ensemble methods to more effectively represent the intricacies of climate
systems [1]. The assessment of CMIP6 models for pr patterns in India reveals notable improvements in
spatial and temporal resolution relative to previous models. Multi-criteria ranking systems evaluate
performance and highlight ongoing issues, especially in documenting severe pr occurrences. The assessment
offers practical recommendations for enhancing water resource management and agricultural resilience
against evolving climatic circumstances [2]. The investigation focuses on trend mistakes in seasonal
predictions with short lead periods, highlighting biases both from baseline circumstances and model physics.
These mistakes undermine the credibility of temperature and pr forecasts, particularly in areas with intricate
topographical characteristics. The results highlight the need of ongoing model advancement to improve the
accuracy of climate predictions [3]. Downscaled climate models provide high-resolution forecasts of
erosivity in diverse locations, emphasising factors such as pr intensity and changes in land use. The research
emphasises the need of customising climate forecasts to regional requirements to maintain environmental
integrity [4].

Future drought patterns are forecasted using several indicators in conjunction with CMIP6 models,
providing a comprehensive perspective on variability affected by terrain and hydrology. The amalgamation
of many indicators enhances the comprehension of drought dynamics, underscoring the necessity for
multifaceted strategies in tackling water shortage challenges [5]. Improved modelling of freshwater transport
provides critical insights into global heat distribution and long-term climate patterns, emphasising the need to
rectify these biases in subsequent model versions [6]. Biases in low-cloud feedback within CMIP models
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provide a substantial source of uncertainty in climate sensitivity assessments. Improvements in cloud
dynamics modelling enhance the accuracy of cloud-climate interaction comprehension, which is crucial for
forecasting future climate scenarios and their possible effects [7]. Probabilistic evaluations of pr simulations
in the Western Himalayas concentrate on monsoon dynamics and the effects of elevation. The research offers
comprehensive insights into monsoon behaviour, hence assisting in the reduction of hazards linked to
climatic extremes, including floods and droughts [8].

An analysis of tropical pr biases in coupled climate models reveals that mistakes stem from
discrepancies in ocean-atmosphere interactions and convective parameterizations. Such developments
are essential for areas dependent on consistent rainfall patterns for agricultural and water resource
management [9]. Cloud feedback processes in CMIP models exhibit significant variability, affecting radiative
forcing across various climatic sensitivities. This emphasis on cloud dynamics guarantees more reliable
climate sensitivity estimations [10]. The use of machine learning in climate modelling mitigates enduring
biases and computing difficulties, facilitating the creation of adaptive models that can represent intricate
phenomena. Utilising machine learning, researchers may enhance conventional climate modelling and get a
deeper understanding of climate dynamics and future forecasts [11]. The spherical convolutional Wasserstein
distance is presented as a novel measure for assessing climate models [12].

Al-based climate models have the capacity to more accurately represent non-linear phenomena
compared to conventional methodologies. This method signifies a notable improvement in the resources
accessible for tackling complex climate issues [13]. Humidity changes in dry areas often contradict CMIP
model estimates, highlighting inadequacies in regional-scale processes. Precise forecasts of humidity
patterns are essential for comprehending water resource availability and enhancing resilience against
climate-induced vulnerabilities in these areas [14]. The integration of observational data with climate
models allows precise calculation of the time until regional warming thresholds are reached. The technique
emphasises the need to use varied data sources for comprehensive climate modelling [15]. The
underappreciated terrestrial heat absorption in CMIP6 models influences global energy distribution,
revealing a substantial bias in climate forecasts. It is advisable to improve the modelling of land-atmosphere
energy exchange mechanisms to address these differences, thereby providing more accurate predictions of
global warming effects [16].

Evaluating and rating CMIP6 models for temperature forecasts across the Indian subcontinent uses
statistical frameworks to assess model precision. This ranking approach offers practical insights for
stakeholders overseeing temperature-sensitive resources, facilitating the formulation of effective climate
mitigation and adaptation strategies [17]. The examination of pluralistic methodologies in climate modelling
highlights the advantages of including many solutions. This method improves the ability to forecast climate
patterns across different timeframes and locations, providing policymakers with a wider range of dependable
data for informed decision-making [18]. The influence of climate change on irrigation and crop water
demands is evaluated via CMIP6 models and specialised agricultural simulation instruments. This study
supports the maintenance of agricultural output under fluctuating weather circumstances [19]. Community
earth system models demonstrate the impact of forcing uncertainty and model architecture on simulated
climates over CMIP generations. The study emphasises the need of rectifying structural discrepancies to
enhance accuracy in long-term climate predictions [20].

CMIP6 rainfall estimates for Indonesia highlight past and prospective pr patterns. The research
examines regional rainfall variability and its consequences for water resource management. The results are
essential for areas susceptible to severe pr events and seasonal fluctuations, enabling improved preparation
and adaptation methods [21]. Future exposure to rainfall and temperature extremes in Indonesia's most
populated areas is anticipated using high-resolution models. The result underscores the essential function of
localised climate modelling in alleviating negative impacts on densely inhabited areas regions [22]. The
uncertainty in CMIP6 forecasts for Indonesia's marine areas is examined using sophisticated statistical
methods. This assessment underscores the need for customised modelling strategies to successfully tackle
regional complexities [23]. The historical and prospective rainfall climatology of Sumatra is examined via
CMIP6 models. The research emphasises significant trends, therefore allowing proactive strategies to adjust
to evolving rainfall patterns in future climatic scenarios [24]. The identification of optimum CMIP6 models
for significant Indonesian cities uses multi-criteria decision analysis to pick dependable models. The
technique emphasises the significance of accuracy in climate modelling for urban policy development [25].

2. PROPOSED METHOD

Using swarm intelligence and CMIP climate data, the system improves ecocritical environmental
analysis. It uses adaptive swarm-based algorithms to simulate ecological behaviour and provide actionable
predictions to analyse massive, multi-scenario climate data. The integration connects predictive computer
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modelling with environmental policy decision-making. The system provides ecologists and climate scientists
with scalable and intelligent decision-support tools by improving computational flexibility, pattern detection
across dynamic data sets, and interpretability. A system using modular swarm intelligence algorithms
analyzes CMIP6-based multi-dimensional climate data to identify spatiotemporal patterns in variables like
temperature, humidity, wind speed, and CO; levels. Real-time modelling and feedback adaptation provide
regional or global environmental predictions for decision-making. Modular flexibility, bio-inspired
optimisation methodologies, and environmental input for continuous learning.

Figure 1 shows the whole data flow for swarm-based environmental analysis using CMIP data.
Initial data comes from climate models and satellites. Preprocessing raw datasets ensures consistency and
reliability by cleaning and normalising. As heatmaps and temporal graphs, the final data aid environmental
monitoring. Modularity lets each phase work independently while contributing to a unified flow, as seen in
the figure. Colour-coded links help customers understand phase relationships. Figure 1 shows how CMIP
data and swarm intelligence may give valuable insights for addressing complex environmental concerns and
aiding ecocritical decision-making.

Satellite lata Chmate Models

Nomaliza tiol

Chistering

Heatmaps Temporallnsights

Figure 1. Data flow in CMIP for swarm environmental analysis

The architecture starts with the assimilation of CMIP6 datasets, followed by data cleansing and
preparation using geographic interpolation, normalisation, and imputation of missing values. Processed
inputs are input into distributed swarm algorithmic layers, with each agent serving as a computational
entity responsible for modelling local environmental choices. These agents engage according to a specified
policy based on reinforcement learning and energy efficiency heuristics. Each module is designed to
operate autonomously inside a pipeline architecture. The swarm modelling phase encompasses
environmental simulation, behavioural feedback analysis, and adaptive calibration using historical and
forecast CMIP data. Figure 2 stresses using swarm intelligence algorithms with CMIP models to improve
environmental research.

e Behaviour Models
Stimulations

Figure 2. Swarm algorithm integration with CMIP models

Swarm techniques use CMIP data, including environmental simulations. These algorithms use
behavior modelling modules to simulate agent interactions and feedback systems for iterative improvement.
The adaptive learning layer allows real-time prediction changes, ensuring adaptable responses to changing
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environmental data. Precision and model flexibility are increased by this combination. The system performs

its core operations through six stages:

i) Data acquisition: retrieves high-resolution CMIP6 datasets from ESGF (e.g., historical and SSP
scenarios). The system begins with a comprehensive data collection procedure using the large datasets
from CMIP6, obtained via the ESGF. This includes historical climate data and scenario-based forecasts,
including SSP1-2.6 and SSP5-8.5.

ii) Preprocessing: applies noise reduction, alignment, and normalization on variables across multi-model
climate data. After collecting, the unprocessed climatic datasets undergo a stringent preparation phase.
Data cleansing procedures rectify absent or irregular entries, while spatial interpolation standardises the
grid to a uniform resolution.

iii) Swarm model simulation: implements behavior models (based on ants and birds) within agent clusters;
agents interact based on environmental signals and global optimization rules. Upon data preparation, the
fundamental swarm simulation process begins. This simulation uses decentralised agents inspired by
real events, including ant foraging and swarming behavior.

iv) Learning mechanism: employs reinforcement learning where agents adapt in real-time to updated
environmental data. A reinforcement learning mechanism is included in the swarm system to enhance
flexibility and precision over time. Utilising this learning technique, each agent formulates a policy
grounded on its experiences inside the environment. Actions that facilitate the effective identification of
significant areas marked by fast climatic changes or high entropy are incentivized.

v) Analysis: extracts insights via heatmaps, temporal trend plots, and feature clustering’s. Upon
completion of the simulation, the system shifts into an analytical mode for the interpretation and
synthesis of emerging patterns.

vi) Reporting interface: provides stakeholders with dashboards showing predictive metrics, resource
stressors, and ecological triggers. The system concludes with an extensive reporting and visualisation
interface. This dashboard displays the data in an engaging and dynamic format, allowing users to
examine outcomes via maps, charts, and downloadable reports.

The explanation of the system is studied in detail. Figure 3 shows ecocritical analysis using CMIP
models and swarm methodologies. Data from climate models and observations are collected first. Sanitizing
and standardizing datasets ensures accuracy and consistency throughout data processing. Swarm model
simulations assess and predict environmental changes using processed data. Heatmaps and clustering data are
used to provide ecological insights in analysis. The outcomes are displayed and documented throughout the
reporting process to ensure stakeholder understanding.

Figure 3. Workflow for ecocritical analysis using CMIP models
The behavior of swarm agents is modeled using energy cost minimization functions and
probabilistic state transitions. Let the movement cost function be as in (1).

Where C;; is cost of agent moving from state i to j, D;; is spatial distance between climate data points, E; is
environmental resistance (temperature and CO; levels), R; is resource availability at point j, «, B,y is tunable
swarm behavior weights. Swarm learning is regulated using Q-learning, where s is current state, a is action,
ris reward, n is learning rate, ¢ is discount factor.

Q(s,a) « Q(s,a) + n [r + 6.?“‘2(5"“‘)— Q(s, a)] 2

Technologies and tools used:
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i)  Data sources: ESGF-CMIP6 experiments, models, and sources.

ii) Languages/frameworks: Python (NumPy, SciPy, and Matplotlib), TensorFlow for reinforcement
learning modules.

iii) Simulation engine: cloud-based swarm behavior modeling using GPU-accelerated clusters.

iv) Visualization: power Bl, D3.js for interactive dashboards.

v) Storage: azure data lake for large-scale model result retention.

Some models predict slight temperature variations, but most show warming. Trends in pr show
seasonal changes, variability, or decreases. Coastal places have more humidity than desert regions. Wind
speed fluctuates in storm-prone areas but stays steady in certain models. CO; levels are increasing in all
models; some locations have stabilized. Ecocritical swarm research uses this environmental data to construct
adaptive and resilient swarm systems. Table 1 qualitative depiction, helps researchers identify environmental
issues and incorporate them into swarm dynamics to improve operational efficiency in varied ecosystems.

Table 1. Climate variable trends across CMIP models

Climate CMIP model 1 CMIP model 2 CMIP model 3 CMIP model 4 CMIP model 5
variable description description description description description
Temperature  Moderate increase Slight warming trend Stable with minor Steady warming Cooling in some
observed fluctuation pattern regions

pr Increased during Reduced annual Shifts in seasonal Higher variability ~ Stable with local
monsoon rainfall patterns changes

Humidity Consistent across Increase in coastal Decrease in arid Fluctuations in Stable overall
seasons areas zones summer

Wind speed  Strengthened in Minor decline in speed  Enhanced during Minimal Stable trends
storm zones winter fluctuations observed

CO; levels Rising steadily Slight acceleration Stabilizing in recent ~ Consistent upward  High regional

observed years trend variations

3. RESULTS AND DISCUSSION

Under the SSP5-8.5 high-emission scenario, a 1.72 °C rise in tas substantially correlated with a peak
in surface rlds at 350 W/m?2. This study's strategy produced an unusually high fraction of swarm agent
convergence in places with psl between 980 and 990 hPa, suggesting ecological fragility. Regional instability
was indicated by pr anomalies of £1.3 mm/day, matching intense swarm activity in equatorial and subtropical
regions. The model regularly found ecological stress zones with rsds changes between 140 and 280 W/m2,
The CMIP6 simulation outputs from ESGF provided essential multi-model environmental variables for
swarm intelligence-based ecological risk detection framework. Higher rlds levels, especially over 330 W/m2,
do not reliably impair ecological predictability, contrary to traditional climate-impact models that focus only
on temperature thresholds. The proposed swarm-based approach may identify ecological transition zones
without increasing model complexity or data preparation compared to spatial anomaly detection techniques
based on statistical trend mapping. Previous correlation-based or principal component analysis studies had
trouble finding regional inter-variable connections.

Leveraging environmental indicators, including tas, psl, pr, and radiative fluxes (rsds and rlds), the
suggested system leveraging swarm intelligence and CMIP6 climate data detected ecological stress patterns.
The system analysed high-resolution CMIP6 outputs via the ESGF and found considerable geographical
association between heightened climatic variables and swarm agent convergence zones. Surface temperature
anomalies of 1.72 °C and rlds values over 330 W/m2 are often linked to high-density swarm activity,
especially in SSP5-8.5 scenarios. The pr anomalies of +1.3 mm/day were linked to enhanced swarm
convergence in equatorial locations, indicating ecological tipping points. The psl data between 980 and
990 hPa also indicated transition zones discovered by swarm-based entropy detection systems. Data
integration includes geo-referencing methods, enabling region-specific analytics. This guarantees that the
framework can adjust to certain ecological circumstances, hence augmenting its applicability across many
ecosystems. These preliminary measures provide a solid basis for future algorithmic advancements and
simulations. The distribution of CMIP6 experiments and scenarios is shown in Figure 4.

Swarm-based classifiers were more sensitive to multivariable environmental interactions than
statistical classifiers. Swarm agents' decentralisation enables them to identify nonlinear phenomena like
heat-radiation coupling and low-pressure-induced pr spikes, unlike standard models that use preset thresholds
or linear correlations. PCA-based grouping and regression-based projections struggled to detect small
scenario transitions. Agent-based feedback loops and energy-aware mobility techniques kept the suggested
approach computationally efficient without losing spatial resolution. Despite these virtues, limits exist. It uses
preprocessed CMIP6 datasets and does not incorporate real-time or observational data, which may restrict its
response to changing field conditions. Without proper calibration, the swarm framework's parameter
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tweaking (e.g., movement cost weights and reward thresholds) may impair generalizability across climatic
zones. Supervised learning is used for preliminary training on historical data, while reinforcement learning
facilitates ongoing enhancement during real-time operations. The use of neural networks enables the swarm
to recognise intricate patterns and correlations in the data, hence enhancing decision-making processes.
Table 2 shows CMIP-derived swarm behaviour in various environmental circumstances.

CMIP6-Experiments
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Figure 4. CMIP6 experiments and scenario mapping
Table 2. Swarm behavior adaptations in environmental scenarios
Metric Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
insights insights insights insights insights
Energy usage High in resource- Moderate with Optimized Fluctuates with Balanced across
scarce areas efficient routing through shared external pressures  all zones
resources
Communication  Efficientindense  Delayed in low- Stable with Enhanced through  Slightly slower in
networks coverage areas redundancy dynamic routing remote zones
Task success High in stable Moderate in Increase in Decreased under Maintained with
environments fluctuating collaborative extreme stress adaptive strategies
climates systems
Adaptability Strong in diverse Moderate undera  High in multi- Limited by Balanced across
score regions single factor agent systems resource scenarios
constraints
Resource Maximized in Moderate in Enhanced with Challenged in Balanced with
sharing cooperative zones ~ competitive policy isolated zones policy
settings frameworks adjustments

Energy use, communication efficiency, and resource sharing show swarm responses to ecological
stresses. Energy utilisation is high in resource-scarce locations and optimised in balanced ecosystems. In
dense networks, communication is fast yet slow in isolated areas with little infrastructure. Task success rates
are best in stable conditions, whereas adaptation scores show resilience in various ecosystems but limits in
resource-constrained circumstances. Resource sharing is best in cooperative zones but difficult in isolated
ones. Figure 5 shows CMIP6 model performance.

CMIP data forecasts provide the foundation for developing various environmental scenarios,
including mild climate changes to severe ecological disturbances. The simulations aim to assess critical
performance indicators, including energy economy, job completion rates, and communication efficacy.
Specialised simulation techniques are used to replicate real-world settings, enabling a comprehensive
evaluation of swarm behaviour. The results of these simulations are examined using statistical and graphical
techniques to discern patterns, anomalies, and opportunities for improvement. Iterative testing guarantees that
algorithms are refined for optimum performance in many contexts, hence improving their resilience and
dependability. Validation guarantees that the framework's outputs correspond with observed ecological
events. Empirical data from environmental monitoring systems is used to validate the efficacy of the swarm
algorithms. This phase uses comparative analytic methods to assess the reliability and precision of forecasts.
External validation is performed by juxtaposing the framework's outputs with findings from established
ecological models. This multi-tiered validation method enhances the framework's legitimacy and underscores
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its distinctive contributions to ecological analysis. Sensitivity analysis is used to evaluate the influence of
fluctuating input parameters, guaranteeing the framework'’s relevance across diverse environmental scenarios.

CMIP6-Models
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Figure 5. CMIP6 model performance comparison

4. CONCLUSION

This work tackled the issue of ecocritical environmental analysis by using swarm intelligence with
CMIP6 climate simulation models. The system analysed critical environmental parameters near tas, psl, pr,
rsds, and rlds using datasets from the ESGF under high-emission SSP5-8.5 scenarios. The swarm-based
architecture detected ecological stress zones defined by temperature anomalies of around 1.72 °C, psl
fluctuations ranging from 980 to 1,030 hPa, and radiation intensities reaching a maximum of 350 W/m2,
These findings validate the model's ability to identify nonlinear environmental transitions in the absence of
centralised control systems. The results provide a persuasive viewpoint; nonetheless, the system's reliance on
previous CMIP6 forecasts constrains real-time flexibility. Further investigation may be necessary to validate
the long-term resilience of the model, especially in areas with limited or changing observational data. Future
research should investigate the integration of real-time satellite data, socio-environmental stresses, and
diverse multi-agent behaviours to enhance interpretability and significance. The findings demonstrate that
decentralised, behavior-driven modelling frameworks may improve environmental forecasting and give
ecologically informed insights into climate-induced vulnerabilities, therefore adding significant value to
sustainable decision-making and climate research.
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