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[bookmark: Abstract:]Abstract:
The last few decades have seen several significant advances in modelling techniques, such as the Coupled Model Intercomparison Project Phase 6 (CMIP6), Earth System Models (ESMs), and the combination of machine learning Climate modelling is at the heart of contemporary climate science, enabling a prediction of the effects of global warming and guiding decisions in mitigation and adaptation efforts.


These models simulate complex interactions between atmospheric, oceanic, and terrestrial processes. They have made major advances in understanding and forecasting future climate patterns under varying emission scenarios for greenhouse gases. This review synthesizes the current state of climate change modelling: one that was covered in aspects such as the evolution of climate models, advances in techniques and technologies used, challenges encountered, and diverse applications for policy-making, disaster preparedness, and the achievement of sustainable resource management. Of course, there are some limitations: those in data, computational power, and climate prediction uncertainties, among others. Still, climate models are important components of our vision toward future climate change impacts and policy decisions to mitigate and adapt to climate change.
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Introduction:
The impacts of climate change are becoming increasingly evident, as we witness rising temperatures, shifting weather patterns, and extreme climate events. The need to provide precise climate predictions has never been more acute, and it is here that climate models play an important role in providing such information pertinent to understanding and mitigation. Climate models simulate the climate system of the Earth in all its complexities by using mathematical representations as an approximation for the interactions among the atmosphere, oceans, land, and ice. These models predict how temperature, precipitation, and atmospheric circulation will change with time in a future world conditioned on different scenarios.
From simple energy balance models focused on changes in global temperatures to the current evolution of modern climate models, especially Earth System Models (ESMs), carbon cycle - ecosystems - human interaction forms complex interactions within a particular model. These models are crucial for forecasting future climate conditions and for understanding impacts of climate change under different scenarios of greenhouse gas emissions.

The Coupled Model Intercomparison Project, or CMIP, is one of the largest multinational research initiatives that has provided substantial input into the development of climate models. With a standardized framework, CMIP allows for performance comparisons and assessments of climate models. The most recent cycle, CMIP6, has made an enormous stride in improving the accuracy and resolution of climate predictions with advances in updated datasets, improved spatial resolution, and more comprehensive ranges of emission scenarios.


Of course, machine learning has also become important for climate modelling. It facilitates better or more precise predictions and can process big data in a more efficient manner. For instance, the integration of ML techniques can help a researcher improve the way he handles observational data, bias corrects, and downscales global models to regional levels. In spite of these advances, climate modelling remains confronted with numerous challenges arising from uncertainties in climate projections, scarcity of data sets, and the huge computational requirement in simulating high-resolution simulations.


This review paper attempts to comprehensively overview climate change modelling, detailing the evolution of climate models, recent advancements in techniques, what challenges remain ongoing, and the critical applications of these models. We also discuss the future of climate modelling and whether there is further scope for innovation that can adequately meet the challenges of climate change.
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Literature Review:


1. Evolution of Climate Models
Climate models have undergone an incredible transformation in the past couple of decades. Such early climate models, that began appearing in the mid-20th century, were rather simple and mainly concentrating on the atmosphere. These basic models relied on simple energy balance equations to ascertain how a change in greenhouse gas concentration would impact global temperatures. Although these were useful in gaining an understanding of general processes, they failed to be penetrating owing to the simplicity involved and the scarcity of data in great detail.
With an increase in the power of computation, climate models became increasingly sophisticated. In the 1970s and 1980s, scientists started developing General Circulation Models, or GCMs, that could simulate the interactions between the atmosphere and the oceans. Such models gave a more detailed understanding of how each region of the Earth might respond to changes in climate. The development of GCMs represented a major landmark, for these were the first models to begin to interact dynamically between the atmosphere, oceans, and land.


Today, modern climate models are called Earth System Models, a further development that includes other components such as the carbon cycle and the water cycle, in addition to the previous integration of human activities. ESMs simulate complex feedback loops among the atmosphere, oceans, ice, and land. The same models can then simulate both the short-term and the long-term climate of Earth, accounting for factors such as greenhouse gas emission, aerosols, and changes in land use.

2. CMIP6 and Its Contributions


The Coupled Model Intercomparison Project (CMIP) is an international collaborative effort at standardizing climate simulations to enable comprehensive comparative studies across all types of climate models. CMIP works as the central platform for climate model intercomparison, providing a framework for evaluating the relative performance of different models in simulating past and future climate conditions.
The latest phase of the project, CMIP6, marks a significant advancement in climate modelling. One of the key features of CMIP6 is the incorporation of Shared Socioeconomic Pathways (SSPs), which allow for the exploration of a range of future climate scenarios based on different pathways of socioeconomic development, population growth, and greenhouse gas emissions. CMIP6 also includes updated forcings, such as new datasets for aerosols and greenhouse gases, allowing for more accurate simulations of climate dynamics. For one, the resolution of CMIP6 models has been increased, allowing for more detailed projections of regional climate variations and strengthening the capacity to study impacts of climate on localized micro-cases.


Another important contribution of CMIP6 is the inclusion of an ensemble of models, which allows for better quantification of uncertainties in climate predictions. By running multiple models under different scenarios, scientists can better understand the range of possible climate futures and provide more robust guidance for policy and decision-making.
3. 
Machine Learning in Climate Science


Machine learning is an important tool that has emerged in climate science, providing new ways to improve climate model predictions and process the data. ML techniques such as neural networks, decision trees, and support vector machines are used for analysing large datasets and improving climate projections.
One of the most critical applications of ML to climate modelling is in the field of bias correction. Many climate models, such as those in the CMIP6 ensemble, show systematic biases in their simulation of key climate variables such as temperature and precipitation. ML algorithms, including deep learning techniques such as GANs, can identify and correct these biases, making climate model predictions more robust.


The other important application of ML was towards the regionalization of global climate models to better understand how specific regions might change with climate change. The large-scale global climate models are usually coarse in spatial resolution, thereby reducing their accuracy for local predictions. Scientists can use ML algorithms to downscale these models and generate more accurate and detailed regional climate projections.


ML techniques are also employed to optimize hybrid models, combining models based on physical formulations with data- driven approaches. These hybrid models can learn from observations and progressively make their predictions better, making them more adaptive and accurate in simulating climate changes.
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1. High-Resolution Climate Models
One of the most significant advancements in climate modelling has been the development of high-resolution models, which provide more accurate predictions by capturing finer-scale processes. High- resolution models are particularly important for studying regional climate impacts, such as extreme weather events, changes in precipitation patterns, and the effects of topography on climate.
Regional climate models are high- resolution models nested within a global model, providing greater resolution of a specific geographic area. These models are very valuable for better understanding the characteristics of localized phenomena such as urban heat islands, coastal dynamics, and mountain climate interactions. For example, RCMs can simulate how changes in land use or urbanisation will impact local temperatures and precipitation.


High-resolution climate models are also important in predicting how changes in the climate may affect ecosystems and biodiversity. Shifting species distributions and habitat suitability are also expected to result from altered climate conditions. The high-resolution models enable researchers to focus on the changes; thus, it provides valuable understanding at local scales of how an ecosystem might respond to climate change.
2. Incorporation	of	Feedback Mechanisms


One of the major advances of modern climate models is to include complex feedback mechanisms, which are crucial in understanding how a climate system

responds to changes in greenhouse gas concentrations. Feedback mechanisms amplify and dampen the impacts of climate change and can greatly affect future climate projections.
Some of the most important mechanisms include:


3. Ice-Albedo Feedback:
Warming causes the melting of ice and snow, which reduces the area's albedo (reflectivity) and lets more solar energy be absorbed by the ground surface, thereby further increasing the warming.
Carbon Cycle Feedback: In some parts of the world, warming could lead to carbon being released from permafrost or forest dieback, further enhancing climate change by raising atmospheric CO2 levels.
Water Vapor Feedback: Warmer air can hold more moisture, leading to increased cloud formation and additional warming.
By integrating these feedbacks into climate models, scientists can better predict how the climate system will respond to different scenarios.	However,	accurately representing these feedbacks remains a challenge due to their complexity and the need for high-resolution data to capture their effects.
Machine Learning and Hybrid Approaches


A collaboration between machine learning and traditional physical climate models developed hybrid models. The strengths of both approaches are now embodied in hybrid models, which optimize physical models through machine learning algorithms and improve predictions.
For instance, the use of machine learning algorithms is beneficial to fine-tune model parameters, identify biases in model outputs, and better prediction accuracy. Combining traditional climate models and

machine learning would help scientists make more efficient and accurate simulations of the climate system.


Hybrid models are very useful in that they allow the study of complex systems, such as interactions between climate change and human activity. Techniques in machine learning can be used to find patterns in large datasets, such as those produced by satellite observation, which aids in new insights into the impact of human activities, like deforestation or urbanization, on climate dynamics.
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1. Data Limitations
Despite big leaps in climate modelling, data limitations remained a major problem. Climate models rely much on observational data for calibration and validation. However, such high-quality observational data are typically thin, especially at places less observed such as the oceans or the Global South.
While satellite data have greatly improved the availability of climate data, problems of data coverage, calibration, and resolution are still with us. For instance, even though satellite observations offer useful information regarding the patterns of temperature and precipitation over the globe, the temporal resolution of the data is limited by the variability of atmospheric conditions, among other factors.


Besides observational data, climate models rely also on socio-economic data, such as population growth, land-use changes, and emissions scenarios, to predict future climate trends. These data are rather uncertain and undergo changes; significant uncertainties may then be inherent in climate model predictions.
2. 
Computational Constraints
Another significant challenge in climate modelling is the computational intensity required for high-resolution simulations. Climate models simulate complex interactions between various components of the Earth system, and running these models at high resolutions requires immense computational resources.
The Exascale computing platforms-the ones that can do quadrillions of calculations in a second-are required to simulate, for example, the Earth's climate system at high resolution. However, such platforms are expensive and far from accessible to all researchers; therefore, reliance is placed on coarser-resolution models that may miss local-scale important processes and phenomena.


3. Uncertainty in Climate Projections


Uncertainty is built into climate modelling; models suffer from a variety of potential sources of uncertainty in their climate, socio-economic scenarios, and model assumptions.
For instance, uncertainties in cloud formation, in ocean circulation, and in feedback processes can result in large variations in the outputs from different models. Similarly, a range of socio- economic uncertainties such as increased or decreased emissions, technological development, and so on will also point towards widely diverse climate futures.


Despite all these uncertainties, ensemble approaches that run multiple models with lots of scenarios help to quantify and reduce uncertainty. But there's a lot to be advanced in order to make climate projections more accurate and reliable.
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1. Climate policy is shaped
Climate models are essentially instruments that help inform regional and global policy decisions. They aid policymakers in understanding possible future climate conditions, such as which emission scenarios might hold what implications for society, and suggest decisions to be taken.
For example, the Intergovernmental Panel on Climate Change (IPCC) bases its assessments of the impact of different greenhouse gas emission scenarios on global temperature rise, sea level rise, and other climate variables on the output of climate models. These assessments inform international agreement, such as the Paris Agreement, to limit global warming below an average of 2°C above preindustrial levels.


Climate models are also adapted to the regional level to devise adaptation and mitigation strategies. For example, countries prone to sea-level rise use the climate model to devise protection strategies along the coast and designs for the relocation of residents. Water-scarce nations also use climate models to optimize water management strategies.


2. Disaster   Preparedness	and Risk Reduction:


Climate models are essential for the prediction of extreme weather phenomena and early warning systems to vulnerable groups. Climate models help estimate storm intensity, precipitation patterns, and temperature extremes by simulating their responses to climate change. Identifying risk areas may thus be facilitated in the

occurrence of floods, droughts, and heatwaves.
For instance, climatic models can be used to forecast the occurrence and strength of tropical cyclones, hence governments can issue warnings in advance and evacuate populations in areas that are likely to be affected. Regional downscaling is also useful for improving the resolution of forecasts at the local scale because it provides high-resolution predictions.


3. Resource	Management	and Sustainability


Climate models also play a key role in managing natural resources and ensuring sustainable development. By simulating the impacts of climate change on water availability, crop yields, and energy resources, climate models help governments and organizations make informed decisions about resource allocation.
To exemplify, climate models are developed to quantify how water resources might be affected by climate change, especially when snowmelt is a primary source of irrigation. The outputs of such models enable indications of seasonal shifts in timing and reductions in water supplies that can provide early warnings to farmers to adapt strategies to reduce risks Conclusion


Climate change modelling has made immense strides over the past few decades and is continually improving with new technologies and methodologies. The importance of climate models in enabling policy and guiding adaptation cannot be understated despite limitations in data, computational power, and uncertainties in projections.

Continued innovation and interdisciplinary collaboration lie in the future of climate modelling. Improved model resolution, integration of machine learning techniques, and refinement of our understanding of climate processes-all these areas of research will enable scientists to foretell the impacts of climate change and consequently inform decision-making at multiple levels. Climate models will remain an important tool in the global effort to mitigate climate change and build a more sustainable and resilient future.
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Advances in climate change modelling have made great strides for the past several decades, but challenges still need to be met in improving accuracy, increasing resolution, and making such models applicable. Areas of focus for future research and development in this area include the following:


1. Enhancing Model Resolution and Scale Integration:
Resolution of climate models is one of the main areas of improvement; greater computational power should be exploited to enhance spatial and temporal resolution. High-resolution models are important for capturing phenomena like extreme weather events and for the generation of actionable information at regional and subregional scales, although this must be balanced against the computational cost of high- resolution simulations.


Coupled ESMs: The major emphasis for future research should be on seamless integration of atmosphere, ocean, cryosphere, and biosphere components. Improving coupling of these systems should significantly enhance the strength of

the simulation in the time-scale feedbacks, especially those sensitive to climate change, like those in the Arctic region.
Multi-scale Modeling: Advancing methods to link global climate models (GCMs) with regional and urban-scale models will be crucial to bridge the gap between global projections and localized impacts.


2. Including Nonlinear Feedbacks and Threshold Dynamics:
The critical challenge is to include in these models processes and thresholds that are nonlinear such as ice sheet disintegration, thawing of permafrost, and changes in ocean circulation. Future models should emphasize abrupt changes and feedback loops that can accelerate impacts from climate change.
Data-Driven Mechanisms:
Through machine learning and data analytics, modellers may discover nonlinearities, which had been left out earlier, and could predict threshold dynamics better.
Scenario-Dependent Simulations:
Scenario-specific simulations over, for example, rapid ice loss or vegetation shift will better prepare for worst-case outcomes.


3. Inclusion	of	Socio-economic	and Behavioural Aspects:
Human behaviour, policy decisions, and socio-economic conditions play a great role in enhancing greenhouse gas emissions and framing adaptation measures, to which the climate models must integrate much more comprehensively.


Dynamic Socioeconomic Pathways: The synthesis of diverse dynamic socioeconomic pathways will lead to more multifaceted projection results.

ABMs Agent-Based Models: These models can simulate the impact of individual and collective behaviours on the path of emissions, adaptation choices, and climate resilience.


4. Articulating Advancements:
in Artificial Intelligence and Machine Learning Artificial intelligence (AI) and machine learning (ML) hold the transformative potential to significantly advance climate Modeling.
Improved Parameterization: AI could optimize the parameterization schemes that reduce uncertainty in the formation of clouds and precipitations and land- atmosphere interactions.
Data Assimilation: ML techniques can enhance data assimilation for real-time updating of models with observational data.
Surrogate Modeling: AI-driven surrogate models can reduce computational costs, enabling faster simulations for policy analysis.


5. Expanding Climate Model Uncertainty Quantification:
Quantifying uncertainties in climate projections remains a cornerstone for improving model reliability. Future research should prioritize:


Ensemble Modeling: Expanding multi- model ensembles to encompass diverse model structures and assumptions.
Probabilistic Techniques: Using Bayesian frameworks and other probabilistic means to enhance the characterisation of uncertainties and reporting of risks.
6. 
Climate	Extremes	and	Compound Events:
Climate extremes and compound events (e.g., heatwaves and droughts) are poorly represented in current models. Future research should:
Develop Targeted Metrics: Inception of specific metrics and frameworks for assessing compound risks.
Incorporation of Observational Datasets: Applying high-frequency observational data for validating and improving extreme event predictions.


7. Ecosystem and Biodiversity Impacts of Climate Change:
Ecological systems and biodiversity impacts should be included in climate models at increasingly higher resolution.
Species Distribution Modeling: Species distribution models are combined with climate projections to predict where biodiversity may shift across different scenarios.
Feedback Mechanisms: Investigate how alterations in ecosystems impact climate systems through feedback mechanisms.


8. Open-Access	and	Collaborative Modeling Platforms:
The climate modeling field will make a lot more sense if it has more openness, accessibility, and interoperability.
Open-Source Platforms: Fully opening up the models and tools is likely to democratize access and encourage ingenuity.
Crowdsourced Data Collection: Citizen science approaches could complement more traditional data sources and better validate models.
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	Researcher/ Model
	Strength s
	Weakness es
	Applicat ions

	General Circulation Models (GCMs)
	Simulate s atmosph eric- ocean interacti ons; foundati onal for climate modelin
g.
	Limited by computati onal power; coarse spatial resolution
.
	Global temperat ure trends; early climate studies.

	Earth System Models (ESMs)
	Includes complex feedback s like carbon and water cycles; human activity integrati on.
	High computati onal requireme nts; challenge s in representi ng feedback mechanis ms accurately
.
	Long- term and detailed climate predictio ns; policy formulat ion.

	Coupled Model Intercompar ison Project Phase 6 (CMIP6)
	Standard ized framewo rk; higher resolutio n; diverse scenario s.
	Uncertain ty in ensemble prediction s; reliance on socioecon omic pathways.
	Policy guidanc e; regional impact studies.

	Machine
Learning in Climate Modelling
	Improve
s data processi ng and bias correctio n; enables regional downsca ling.
	Requires
large, high- quality datasets; potential overfittin g.
	Bias
correctio n; high- resolutio n regional predictio ns; hybrid modelin g.



[bookmark: Conclusion:]Conclusion:
The new discipline of modeling climate change science has matured into an important tool for grasping the intricacies of global warming and its far-reaching impacts. This paper reviewed the trends and

directions of these models, contrasting old and new approaches while pointing out significant transformations possiblethrough emerging technologies. While GCMs established the foundation for climatic predictions, the development of ESMs has continued to enhance the captureof coupled feedback	mechanisms	between atmospheric, oceanic, and terrestrial systems. Still, questions persist regarding the capture of nonlinear feedbacks, regional phenomena, and the growing incidence of compound climate events.
ML and AI have been game-changers in climate modeling, providing tools that could optimize parameterization, enhance data assimilation, or provide surrogate models to cut the computational costs of simulation. These capabilities are highly useful when dealing with complicated and not so well-understood processes such as cloud formation or vegetation-climate interactions. Moreover, the inclusion of socio-economic aspects into a climate model may allow for much better assessments of future emissions pathways and adaptation strategies.


Despite these achievements, uncertainty remains a constant challenge - in particular, when simulating tipping points and extreme events. The development of multi-scale modeling frameworks and probabilistic approaches can address these uncertainties. Improving open-access platforms and encouraging	interdisciplinary collaborations can also improve the transparency and innovation in the field.


Looking forward, climate change modeling must evolve to cover emerging risks, such as geoengineering and cascading hazards, while providing actionable insights for policymakers. By incorporating the most advanced technology, model improvement, and increased interdisciplinary approaches, climate models will remain indispensable in guiding efforts to mitigate and adapt to climate change impacts and in turning the direction toward a more sustainable and resilient future.
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