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Abstract. As the global impact of climate change intensifies, the importance of climate 
monitoring is increasingly highlighted. This study explores the application of artificial 

intelligence (AI) in climate monitoring, particularly focusing on its potential and challenges in 

handling large-scale climate data and enhancing prediction accuracy. This study provides an in-

depth exploration of the application of AI in the field of climate monitoring, with particular 

emphasis on the critical role of deep learning models in improving the accuracy of climate 

predictions. We specifically analyze the efficient performance of these models in processing 

large-scale climate data, as well as their advanced capabilities in identifying complex climate 

patterns and extreme weather events.At the same time, the research also points out the challenges 

faced by deep learning models in practical applications, including the lack of interpretability of 

the model and the high demand for computing resources. This paper discusses the implications 

of these challenges for the field of climate science and analyzes potential avenues to overcome 

them through technological innovation and algorithmic optimization.Furthermore, it presents a 
vision for optimizing AI models to better serve the field of climate science in the future. 

Keywords: Artificial intelligence, climate monitoring, deep learning, prediction accuracy, 

Computing resources. 

1.  Introduction  

Climate change is one of the most pressing global challenges facing the world today. With rising global 

temperatures, more frequent extreme weather events, and changing ecosystems, climate monitoring has 
become a key tool in our understanding of the Earth's climate system, in assessing the impacts of climate 

change, and in developing response strategies. However, traditional climate monitoring methods have 

limitations in dealing with increasingly complex data sets and addressing real-time monitoring needs. 

In this context, the rise of artificial intelligence (AI) technology has brought new opportunities to the 
field of climate monitoring. AI can process and analyze a large amount of complex data, identify patterns, 

make predictions, and make decisions in a shorter time compared to traditional human collection and 

processing of data. The application of these technologies in the field of climate monitoring can not only 
improve the efficiency and accuracy of data processing, but also solve the problems caused by the 

traditional manual mode, such as slow processing of information and difficulty in sorting out the 

relationship between data. 
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This contribution delves into the integration of AI in climate monitoring, examining its capacity to 

enhance the efficiency and accuracy of climate change analysis for scientists and policymakers. The 

discussion begins with an overview of climate change fundamentals and the significance of climate 

monitoring. It then proceeds to elucidate the core principles of AI and its pivotal role in this domain. 
The paper thoroughly explores AI's application across various facets of climate data management, from 

collection to processing and predictive analysis, with a spotlight on its utility in forecasting extreme 

weather events, ecosystem surveillance, and assessing climate change impacts. Furthermore, it addresses 
the challenges inherent in AI's deployment for climate monitoring, such as ensuring data integrity, 

maintaining algorithmic transparency, navigating ethical concerns, and gaining societal acceptance. The 

paper concludes with an assessment of AI's potential and a prospective outlook on its future trajectory 

in climate monitoring. 

2.  Climate change and the significance of climate monitoring 

As a global issue, climate change has broad and far-reaching impacts. Rising global temperatures cause 

polar ice to melt, which in turn causes sea levels to rise, threatening coastal cities and low-lying island 
nations. Extreme weather events such as hurricanes, droughts and floods have become more frequent 

and intense, with major impacts on agricultural yields, water distribution and human life. These 

phenomena not only pose a threat to the balance of ecosystems, but also pose a serious challenge to 
global economic and social development. The Importance of Climate Monitoring 

 Understanding Climate Change Trends 

Climate monitoring allows scientists to collect and analyze long-term climate data, revealing trends 

and patterns of climate change. For instance, since 1880, the global average temperature has risen by 

approximately 1.1 degrees Celsius, largely due to the massive emissions of greenhouse gases since the 
industrial era. Understanding these trends is crucial for predicting future climate changes and assessing 

their potential impacts. 

 Predicting Future Climate Change 

Climate models use historical climate data to predict possible future climate change scenarios. For 
example, climate models suggest that without taking action to reduce greenhouse gas emissions, global 

average temperatures could rise by more than 4 degrees Celsius by 2100 (NASA, 2021). These 

predictions provide an important scientific basis for policy formulation and international cooperation. 

 Assessing Impacts and Risks 

Understanding the trends and impacts of climate change is vital for assessing its potential risks to the 

environment, human society, and the economy. For instance, the melting of glaciers in the Arctic is 

leading to rising sea levels, threatening coastal cities such as Miami and Venice (NOAA, 2021). Data 

provided by climate monitoring assist governments and businesses in making informed decisions when 
formulating adaptation and mitigation measures. 

 Policy Formulation and International Agreements 

Data from climate monitoring provide a scientific foundation for formulating effective climate 

change policies and international agreements, such as the Paris Agreement. The agreement aims to limit 
the rise in global average temperatures to reduce the impact of climate change. 

In this context, the introduction of AI technology provides new solutions for climate monitoring. The 

core advantage of AI is its ability to automate the processing of large-scale datasets, which not only 

significantly accelerates the speed of data analysis, but also greatly improves the accuracy of the results. 
For example, Google's DeepMind uses machine learning models to predict wind speed and direction, 

which can help optimize the efficiency of wind power generation. These algorithms are able to 

automatically identify clouds, surface features, and other climate-related factors, which speeds up the 
processing of data and improves the accuracy of analysis. AI has shown great potential in identifying 
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complex patterns, which provides new insights into the deep connections in the climate system, which 

is crucial for improving the accuracy of climate predictions. AI has also shown great potential in the 

prediction of extreme weather events. IBM's Deep Thunder project, for example, is an outstanding 

example of using machine learning models to predict precipitation patterns with far greater accuracy 
and lead times than traditional methods, providing valuable time for disaster prevention and emergency 

response. In addition, AI models can learn and simulate the behavior of the climate system to provide 

more accurate predictions of future climate change. For example, the National Center for Atmospheric 
Research (NCAR) has used AI to improve its predictions of El Nio, a phenomenon that has a profound 

impact on global climate patterns. 

3.  Differences between AI models for climate monitoring  

In the field of AI, a set of core concepts form the basis of theory and practice. Data preprocessing ensures 
the quality of data and provides a solid foundation for model training. Feature engineering further refines 

the data to extract key information that can help the model understand. Model training is the process by 

which an AI algorithm learns patterns in data, and model evaluation is a key step to ensure the 
generalization ability of the algorithm. 

Climate monitoring is a key link in the response to global climate change, and AI plays a crucial role 

in this process. The application of AI technology makes it possible to extract useful information from 
massive climate data, identify climate patterns, predict climate change trends, and detect abnormal 

climate events. These capabilities are essential to improve the accuracy and response speed of climate 

models (Table 1). Common AI Algorithms In the application of climate monitoring in practice, a variety 

of AI algorithms are widely used due to their outstanding performance.  

Table 1. Advantages and Disadvantages of Different AI Models 

Type Advantages Cons 

Machine learning model 
 

Flexibility: Applicable to data sets 

of all sizes, with relatively low 

computing resource requirements. 
Interpretability: Some machine 

learning models (e.g., decision 

trees, linear models) provide better 
interpretability to facilitate 

understanding of the model decision 

process. 

Feature dependency: Depends on 

feature engineering and requires 

domain expert knowledge to 
select and construct features. 

Generalization limitations: When 

dealing with very complex or 
high-dimensional data, it may not 

be possible to effectively capture 

all patterns in the data. 

Deep learning model 

 

Automated feature learning: The 

ability to automatically learn 

complex features from raw data 

reduces the need for manual feature 
engineering. 

Powerful presentation capabilities: 

With multiple layers of structure, it 
is possible to capture deep patterns 

and abstract features in data. 

Computationally intensive: A lot 

of computing resources are 

required to train, especially on 

large data sets. 
Poor interpretability: The 

decision-making process of the 

model is often opaque, making it 
difficult to interpret its 

predictions. 
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Large model 

Rich presentation capabilities: With 

a large number of parameters, the 

ability to capture and learn subtle 
and complex patterns in the data. 

Multi-task learning ability: the 

ability to handle multiple climate-

related prediction tasks 
simultaneously, improving the 

versatility of the model. 

Large data demand: A large 

amount of training data is 

required to avoid overfitting, and 
there are higher requirements for 

data quality and diversity. 

Resource consumption: Training 

and deploying these models 
requires significant computing 

resources and storage space. 

 
Machine learning models provide an effective balance in the field of climate monitoring, producing 

reliable predictions even in resource-constrained Settings. A significant advantage of these models is 

their interpretability, which helps scientists gain insight into the logic behind predictions and is crucial 

to scientific validation and decision-making processes. However, their limitations in automated feature 
learning may affect the ability to analyze complex climate phenomena. 

Deep learning models, with their excellent feature learning capabilities, show great potential in 

processing complex data sets in climate monitoring, opening up new perspectives for climate prediction. 
However, the challenges of these models in terms of computational cost and model transparency need 

to be addressed through continuous technological innovation and algorithmic optimization. 

As the forefront of climate monitoring technology, large models provide powerful data representation 
and multi-task learning capabilities with their large number of parameters, and are particularly good at 

capturing complex climate patterns. But their high demands on data quality and computing resources 

mean that successful implementation of large models requires advanced data management and robust 

computing infrastructure. 
Overall, each of these three models has its own advantages and limitations, and their choice should 

be based on the specific application scenario, data availability, computing resources, and interpretative 

requirements. As technology continues to evolve, these models are expected to play an increasingly 
important role in climate monitoring and prediction through continued innovation and optimization. 

4.  Practical application of AI in climate monitoring 

Climate monitoring, as a key field of global environmental science research, is undergoing profound 

changes due to the integration of AI. In this section, the key applications of AI technology in climate 
data preprocessing, feature engineering, climate model recognition and classification, and climate 

prediction model construction will be discussed in depth. 

In the field of climate monitoring, the GraphCast model, a breakthrough technology developed by 
DeepMind, provides a remarkable case of deep learning in climate data analysis and prediction. 

GraphCast leverages Graph neural Networks (GNNs) to show significant advantages in prediction speed 

and accuracy compared to traditional methods, especially in extreme weather event prediction. 
Figure 1 illustrates a schematic of the GraphCast  model, which includes the representation of the 

input weather state (a), the model's capability to predict the subsequent state (b), the realization of its 

autoregressive nature through iterative application (c), the data preparation by the encoder component 

(d), the efficient propagation of spatial information via deep GNNS in the processor (e), the generation 
of the final prediction by the decoder component (f), and the multigrid structure that facilitates both 

long-range and local spatial interactions (g). The main strength of GraphCast lies in its ability to quickly 

generate high-resolution meteorological forecasts, which are essential for rapid response to climate 
decisions and disaster warning [1]. The high-resolution output of the model is of great value to fields 

such as agriculture, transportation and urban planning. 

The development of GraphCast model marks an important progress in the application of AI in the 
field of climate monitoring. It not only improves the prediction efficiency and accuracy, but also opens 

Table 1. (continued). 
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up a new technical path for meteorological services. In order to promote widespread recognition and 

application of the model, it is necessary to further improve its interpretability and explore reducing its 

dependence on computational resources. In addition, exploring the fusion of GraphCast and traditional 

climate models is of key significance for achieving more comprehensive climate monitoring. 
In the field of climate monitoring, Huawei Yunpangu large model is leading a technological 

revolution with its 3D Earth-Specific Transformer (3DEST) architecture. This deep learning model, 

designed for the Earth's climate system, provides accurate and detailed predictions by efficiently 
processing climate data in three-dimensional space, which significantly improves the efficiency and 

accuracy of climate prediction. 

 

Figure 1. GraphCast schematic [1] 
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Figure 2. 3DEST architecture [2] 

The 3DEST architecture improves the traditional vision converter, in particular, the moving window 

mechanism is adjusted and the position bias for the Earth environment is introduced to adapt to the 

unique characteristics of the Earth (Figure 2). 
The core of Pangu Da model lies in its 3DEST architecture, which is a deep learning model designed 

for the Earth's climate system. Its advantage lies in its powerful 3D data processing capabilities and deep 

learning capabilities, which can capture complex interactions and long-term trends in the climate system, 
providing a new perspective for understanding and responding to global climate change. Although 

3DEST architecture shows great potential, it consumes large computational resources and faces the 

common interpretability problem of deep learning models, which may affect its transparency and public 

trust. 
As a milestone in the field of AI technology in climate monitoring, the Pangu Large model not only 

enhances the technology path for meteorological services, but also highlights the need to further enhance 

model interpretability and reduce computational resource dependence to ensure its wider application 
and acceptance. This part of the study comprehensively evaluates the application of machine learning 

(ML) techniques to subseasonal climate prediction (SSF) in the lower 48 states of the United States. The 

study covers a wide range of climate variables including atmospheric, oceanic, and land data, and ML 
models such as XGBoost, Lasso, Encoder (LSTM)-Decoder (FNN), and CNN-LSTM are employed [3]. 

XGBoost and Lasso models show superior prediction accuracy over traditional methods due to their 

advantages in high-dimensional data processing and feature selection. However, deep learning models, 

especially Encoder (LSTM)-Decoder (FNN), provide a new perspective for climate prediction by 
capturing the spatio-temporal dependence of climate data. Although deep learning models have 

challenges in raw data applications and require careful network architecture design, appropriate tuning 

can significantly optimize their performance. The results show that ML models have potential in climate 
prediction, especially on XGBoost and Lasso models. Although all models face the challenge of data 

volume limitation in generalization ability, the effectiveness of ML in the SSF domain is confirmed 

through a comprehensive evaluation and empirical study. Furthermore, the dataset and codebase made 

public by the authors will further facilitate the application and development of ML in climate science. 
In climate science, the convergence of AI technologies promises a revolution in forecasting methods. 

Dewitte et al. show that the application of AI in weather forecasting, climate monitoring, and decadal 

forecasting not only improves the prediction accuracy, but also enhances the efficiency of data 
processing. In particular, the application of U-Net and ConvLSTM models demonstrates the powerful 
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ability of deep learning in processing spatio-temporal data, which provides a new perspective for climate 

prediction. 

 

Figure 3. The encoder and decoder architecture [4] 

Figure 3 consists of two parts: encoder and decoder. The encoder progressively reduces the resolution 
by downsampling (DS), while the decoder progressively restores the resolution by upsampling (US). 

The blue rectangles in the figure represent convolution operations.Skip connections are represented by 

horizontal arrows, and they pass information between encoders and decoders at different resolutions, 
ensuring contextual coherence. The layout of the decoder is symmetrical to the encoder, forming the 

signature U-shaped structure of U-Net.The design of this structure optimizes the feature fusion, so that 

the network can use both local details and global context information when processing images. 

 

Figure 4. Illustration of the stacked ConvLSTM architecture [5]. 

ConvLSTM is a type of recurrent neural network for spatiotemporal prediction that has convolutional 

structures in both the input-to-state and state-to-state transitions (Figure 4). The ConvLSTM determines 

the future state of a given cell in the grid by the inputs and past states of its local neighbours. 
The U-Net model achieves effective precipitation estimation and data fusion in multi-task learning 

through its encoder-decoder structure. On the other hand, the ConvLSTM model uses its convolutional 

recurrent structure to optimize the processing of spatio-temporal data and provide accurate prediction 
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for nowcasting. These models have the advantage of being able to handle large-scale heterogeneous 

datasets, but at the same time face high requirements on the quality and quantity of training data, as well 

as computational cost and model interpretability challenges. 

5.  Challenges and Opportunities 

5.1.  Technical Opportunities 

 Prediction accuracy enhancement: Machine learning technology enables automatic feature extraction 

and pattern recognition, significantly improving the accuracy of climate prediction and reducing the 

dependence on traditional numerical methods. 

 Cost-effective optimization: Machine learning models are cost-effective in dealing with large-scale 

climate datasets, providing economic optimization for the field of climate monitoring. 

Strengthening model generalization: The generalization ability of machine learning models enables 

them to adapt to diverse datasets and changing climatic conditions, enhancing the applicability and 

robustness of the models. 

5.2.  Technical challenges 

 Data quality control: Incompleteness and noise of climate data may have a negative impact on model 

accuracy, and data quality becomes a key factor affecting model performance. 

 Improving model generalization: Enhancing the ability of a model to generalize to new datasets and 

different climatic conditions is an important technical challenge to ensure the effectiveness of 
machine learning models. 

 Explainability and Uncertainty management: The explainability of deep learning models in climate 

monitoring and the quantification of forecast uncertainty are unsolved issues in current research, 

which are crucial for the credibility and scientific validation of model predictions [5]. 

5.3.  Ethical challenges 

 Data privacy protection: When collecting and analyzing climate data, it is necessary to ensure the 

security of personal information and community data to prevent privacy leakage. 

 Algorithmic transparency: Transparency in the model's decision-making process is essential to gain 

the trust of the scientific community and the public, and it is needed to ensure the interpretability of 

the algorithms [6]. 

 Model bias identification and mitigation: The problem of possible model bias, which can lead to 

unfair climate risk predictions, needs to be taken seriously and measures should be taken to reduce 

bias [7]. 

5.4.  Future research directions 

 Model Interpretability enhancement: Improve the interpretability of the model through technical 

means to better understand the decision logic of the model [8] 

 Generalization ability improvement: Through algorithm optimization, the prediction ability of the 

model for unknown data is enhanced, and the robustness of the model is improved under different 

climatic conditions. 

 Ethical guidelines and regulatory policy development: Develop strict ethical guidelines and 

regulatory policies to ensure the sustainable development of machine learning technology in climate 

monitoring [9]. 

In the field of climate monitoring, the application of machine learning technology is a field full of 

potential and accompanied by challenges. Innovation in technology needs to be combined with data 
quality control, model generalization ability, interpretability, uncertainty management, and ethical 

Proceedings of  the 6th International  Conference on Computing and Data Science 
DOI:  10.54254/2755-2721/71/20241583 

105 



 

 

responsibility. Future research and development must ensure compliance with ethical standards and 

social responsibility while driving technological advances to achieve sustainable climate monitoring [10] 

6.  Conclusion 

In this paper, we deeply explore the application of AI in the field of climate monitoring, revealing its 
key role in data analysis, pattern recognition, and predictive modeling. This paper first describes how 

AI technology can bring innovative solutions to climate monitoring by improving data processing 

capabilities and prediction accuracy. Then, by analyzing specific cases, including DeepMind, Deep 
Thunder and Huawei Cloud Pangu model, this paper demonstrates the application effect of AI 

technology in practical climate prediction tasks, and confirms its potential in improving prediction 

efficiency and accuracy. 

In the technical evaluation section, this paper makes a detailed comparative analysis of machine 
learning, deep learning and large models, and discusses their advantages and challenges in climate 

monitoring, such as data quality, model generalization ability, computing resource consumption and 

algorithm transparency. This paper emphasizes the importance of interdisciplinary cooperation as the 
key to promote the development of AI technology in the field of climate monitoring. 

In this paper, we point out that although AI technology shows great potential in climate monitoring, 

it is still necessary to solve the problems of model generalization ability and interpretability, as well as 
reducing the dependence on computing resources. Future research should focus on improving the 

performance of AI models, exploring ways to integrate with traditional climate models, and leveraging 

advanced data management techniques.With the iteration and innovation of technology, the application 

of AI in climate monitoring will continue to expand, providing deeper insights into climate science. The 
integration of AI is expected to greatly improve the efficiency and accuracy of climate prediction, 

providing a solid foundation for scientific research and policy formulation of global climate change. 

In summary, the advancement of AI not only brings innovation to the field of climate monitoring, 
but also provides new perspectives and tools for global climate change response strategies. As the 

technology continues to mature, AI will become an indispensable pillar of climate science, leading 

climate monitoring and forecasting to a new stage of development. 
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