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Abstract. Climate change prediction is an important tool for addressing global environmental challenges and making 
scientific decisions. Traditional physical models such as general circulation models (GCMs) have been widely used for climate 
prediction, but they have significant limitations in high temporal and spatial resolution prediction and simulation of extreme 
weather events. In recent years, machine learning methods have provided new solutions for climate prediction with their 
powerful nonlinear feature modelling capabilities and data-driven properties. In this paper, we systematically review the 
research progress of climate change prediction based on machine learning, focusing on analysing the applicability, 
advantages and disadvantages, and key technologies of traditional machine learning methods, such as decision trees, support 
vector machines, and random forests, deep learning methods, such as convolutional neural networks, recurrent neural 
networks, and long and short-term memory networks, as well as cross-domain fusion methods, such as the combination of 
machine learning and physical models, and reinforcement learning and transfer learning. Meanwhile, key challenges in the 
field of climate prediction are explored, including data scarcity, technical barriers to multimodal data fusion, insufficient 
model interpretability, and generalization capability issues for cross-region and cross-time prediction. Combined with 
application scenarios such as agriculture, energy and disaster warning, this paper summarizes the practical application effects 
of different methods and proposes future optimization directions, such as high-quality data acquisition and preprocessing, 
model lightweight design, interpretability enhancement and the potential of interdisciplinary cooperation. This paper aims 
to provide comprehensive technical references and development suggestions for climate. 
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Introduction 
Climate change is one of the most serious environmental and socio-economic challenges in the world today, 
with far-reaching impacts related to ecosystem degradation, drastic reduction of biodiversity, decrease in 
agricultural productivity, and frequent occurrence of extreme weather events [1]. According to the assessment 
report of the United Nations Intergovernmental Panel on Climate Change (IPCC), the threat of climate change 
to the global ecological and socio-economic systems is amplifying at an accelerating rate, and predicting climate 
change trends and formulating corresponding countermeasures have become an important issue for 
governments [2]. 

Traditional climate prediction methods mainly rely on General Circulation Models (GCMs) based on physical 
mechanisms, which simulate climate change by describing the physical processes in the atmosphere, ocean, and 
land systems [3]. However, GCMs have significant limitations in high temporal and spatial resolution prediction, 
including high computational complexity, insufficient ability to characterize regional climate events, and low 
prediction accuracy for small-scale extreme weather events [4]. 
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In recent years, Machine Learning (ML), as a data-driven prediction tool, has demonstrated significant 
advantages in dealing with complex nonlinear relationships and massive data [5]. Deep Learning (DL) models, 
with their powerful feature extraction capabilities, have been particularly prominent in high-dimensional feature 
modeling of climate data [6]. Among them, Convolutional Neural Networks (CNNs) have the ability to capture 
spatial patterns for fine-grained regional climate characterization, while Recurrent Neural Networks (RNNs) and 
their variants (Long and Short-Term Memory Networks LSTMs) have a significant advantage in modeling the 
dynamic evolution of time-series data [7]. With the deepening of the application of machine learning methods 
in climate change prediction, it not only provides a technical path to break through the computational bottleneck 
of traditional physical models, but also promotes the cross-fertilization of climate science and computational 
science [8]. 

In the field of climate change prediction, methods based on traditional physical models have been widely used, 
but there are still many problems. First, physical models are highly sensitive to initial conditions, which leads to 
unstable prediction results, especially in high-resolution regional prediction [9]. Second, the computational cost 
of traditional models is extremely high, and they are inefficient when dealing with large-scale multimodal climate 
data, which makes it difficult to meet the practical needs of rapid prediction [10]. In addition, physical models 
have limited ability to simulate extreme climate events such as high temperatures and heavy rainfall, which 
makes it difficult to provide a reliable basis for regional climate change decision-making [11]. 

In contrast, machine learning methods, with their core data-driven characteristics, can effectively bridge the 
technical shortcomings of physical models [12]. Supervised learning, supported by large-scale training datasets, 
achieves precise modeling of the complex nonlinear relationships within climate systems; deep learning further 
enhances prediction accuracy and generalization capabilities on this basis [13]. It is worth noting that innovative 
methods such as transfer learning and reinforcement learning have opened up technical pathways for the 
application of climate prediction models in novel regions and unconventional time scales [14]. Nevertheless, 
current climate prediction research based on machine learning still faces multiple technical bottlenecks. 

Firstly, climate prediction often requires handling multi-source heterogeneous data (such as satellite 
observation data, meteorological station data), and the differences in data quality, spatiotemporal resolution, 
and data fusion issues significantly impact model performance [15]. Secondly, the "black box" nature of machine 
learning models limits their application in scientific decision-making, and this lack of interpretability undermines 
the credibility of their predictions [16]. Moreover, the generalization ability of machine learning models also 
needs improvement, especially in cross-regional and cross-temporal predictions. How to enhance the 
robustness and adaptability of the models remains an urgent issue to be addressed [17]. 

This article aims to systematically review the research progress of machine learning-based climate change 
prediction computational models, with a focus on the key technologies and challenges in data processing, model 
design, and practical applications. Unlike existing reviews, this paper not only categorizes and compares 
mainstream methods but also delves into the applicability and limitations of machine learning methods in 
climate prediction by integrating real-world application scenarios. In addition, this paper summarizes the 
shortcomings of current research and proposes several future optimization directions, providing references for 
researchers and practitioners in related fields. 

The structure of the entire text is as follows: Section 2 introduces the core concepts of climate change prediction 
and the fundamentals of machine learning models; Section 3 systematically summarizes the key issues and 
challenges faced in the field of climate prediction; Section 4 provides an in-depth review of mainstream machine 
learning methods and their performance comparisons; Section 5 analyzes the performance of machine learning 
in different application scenarios using real-world cases; Section 6 concludes the entire text and looks forward 
to future research directions. 
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Core concepts and foundations 

Core concepts and indicators for climate change prediction 

Climate change prediction involves analyzing the complex dynamic behavior of the climate system to infer future 
trends in climate conditions. Its core objective is to depict the multi-scale characteristics of regional and global 
climates and to support decision-making in key areas such as policy, agriculture, and energy. The core prediction 
indicators mainly include surface temperature, precipitation, and extreme weather events frequency, which 
represent the primary characteristics of climate change [18]. 

Surface temperature is the most important variable in climate prediction, used to measure the trend of global 
warming and its regional differences. Its changes are closely related to greenhouse gas concentrations, radiative 
forcing, and energy balance, and are usually obtained by integrating satellite remote sensing data with ground 
meteorological station observation data [19]. Precipitation, as an important link in the water cycle, directly 
affects the distribution of water resources and the stability of ecosystems. Its prediction requires capturing the 
complex relationship between atmospheric circulation patterns and local moisture transport. The frequency of 
extreme weather events, such as heatwaves, heavy rainfall, and droughts, is a direct risk brought by climate 
change, and their prediction relies on the model's ability to accurately fit extreme events. 

Climate data come from two main sources: satellite observations and ground-based weather stations. Satellite 
observations such as NASA's MODIS (Moderate Resolution Imaging Spectroradiometer) and NOAA's GOES 
(Geostationary Operational Environmental Satellites) provide high temporal and spatial resolution global climate 
data with high temporal and spatial resolution, but are limited by data noise and missing [20]. Long-term 
continuous data provided by surface weather stations have high accuracy and are suitable for regional climate 
analysis, but the coverage is limited to meet the global research needs [21]. Data integration and preprocessing 
become the key steps in the construction of climate prediction models. From Figure 1, core indicators and data 
sources for climate change prediction show the interrelationships among temperature, precipitation and 
extreme weather events and their data access. 

 
Figure 1 Core indicators and data sources for climate change projections 

Basics of Machine Learning Models 

The application of machine learning in climate change prediction is based on its highly adaptive and data-driven 
nature, and commonly used methods include supervised learning, unsupervised learning, and deep learning [22]. 
Supervised learning trains models by labeling data and is suitable for climate time series prediction tasks. Typical 
algorithms include Support Vector Machine (SVM) and Random Forest (RF). SVM achieves classification and 
regression by constructing a high-dimensional hyperplane, which is robust and widely applicable, but less 
efficient for large-scale data [23]. RF improves the model performance by integrating multiple decision trees, 
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and is able to capture complex nonlinear data. performance, can capture complex nonlinear relationships, and 
is suitable for analyzing multi-source climate data [24]. 

Unsupervised learning plays an important role in climate pattern classification and anomaly detection. Common 
methods include K-Means Clustering and Principal Component Analysis (PCA). K-Means clustering categorizes 
climate types by partitioning the feature space of climate data, making it suitable for analyzing regional climate 
characteristics. PCA, on the other hand, extracts the dominant features of climate data through dimensionality 
reduction and is commonly used for the visualization and pattern recognition of multivariate data [25]. 

Deep learning methods, with their end-to-end training mechanism and powerful feature extraction capabilities, 
have shown significant advantages in climate change prediction. Convolutional Neural Networks (CNN) can 
effectively handle the spatial distribution characteristics of climate data, while Recurrent Neural Networks (RNN) 
are suitable for time series modeling. Long Short-Term Memory (LSTM) networks address the gradient vanishing 
problem of traditional RNNs by introducing gating mechanisms, enabling them to capture the long-term 
dependencies in climate data [26]. 

Table 1. summarizes the advantages, disadvantages and typical applications of different methods in climate 
prediction. Feature extraction and data preprocessing are crucial steps in model training. Climate data usually 
needs to be processed through methods such as interpolation, normalization, and denoising to eliminate data 
inconsistencies and noise interference. Feature engineering combines domain knowledge to design key variables, 
such as temperature gradients and humidity change rates, enabling the model to more accurately predict 
climate change trends. 

Table 1. Common machine learning methods and their application scenarios 
Method Characteristics Applicable Scenarios Dominance Limitations 

SVM Classification and regression of 
high-dimensional data 

Regional climate 
projections Robust Efficiency limited by 

data size 

RF Integrated learning, nonlinear 
relationship modeling 

Multivariate climate data 
analysis High flexibility Parameter tuning is 

complex 

CNN Spatial feature extraction Analysis of global climate 
models 

Strong spatial pattern capture 
capability High data demand 

LSTM time series modeling Projections of long-term 
climate trends 

Strong long-term reliance on 
modeling capabilities 

High training 
complexity 

Mathematical formulae and evaluation indicators 

The mathematical basis of climate prediction models consists of a loss function and an evaluation index. 
Assuming that the output of the climate prediction model f(x,θ) is the predicted value 𝑦̂𝑦, and the true value is 𝑦𝑦, 
the loss function is used to measure the model prediction error. The commonly used Mean Squared Error (MSE) 
is defined as:( 

 𝐿𝐿(𝜃𝜃) = 1
𝑛𝑛
∑  𝑛𝑛
𝑖𝑖=1 (𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖)2 Eq. (1) 

where 𝑛𝑛  is the number of samples, and 𝑦̂𝑦𝑖𝑖 and 𝑦𝑦𝑖𝑖 are the predicted and true values of the 𝑖𝑖  to sample, 
respectively [27]. 

The commonly used evaluation metrics include Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) 
and Coefficient of Determination (R-squared, 𝑅𝑅2). RMSE is defined as: 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑  𝑛𝑛
𝑖𝑖=1  (𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖)2 Eq. (2) 

MAE is used to measure the average absolute deviation of the predicted value from the true value: 

 𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑  𝑛𝑛
𝑖𝑖=1 |𝑦̂𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖| Eq. (3) 

𝑅𝑅2 is used to evaluate the goodness of fit of a model, and its equation is: 
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 𝑅𝑅2 = 1 − ∑  𝑛𝑛
𝑖𝑖=1  (𝑦̂𝑦𝑖𝑖−𝑦𝑦𝑖𝑖)

2

∑  𝑛𝑛
𝑖𝑖=1  (𝑦𝑦𝑖𝑖−𝑦𝑦‾)2

  Eq. (4) 

In Eq. (4), 𝑦𝑦 ‾ is the mean of the true values [28]. 

Key issues and challenges 

Data challenges 

Climate change predictions rely on high-quality multi-source data; however, data scarcity and noise issues have 
always been significant factors limiting model performance. The sources of climate data include satellite 
observations, meteorological station measurements, and reanalysis data, which exhibit significant differences 
in spatial resolution, temporal coverage, and data completeness [29]. Scarcity mainly manifests as a lack of high 
spatiotemporal resolution data, especially in developing countries and remote areas, where the low density of 
meteorological stations poses significant challenges for regional climate change analysis [30]. In addition, 
satellite observation data are often affected by sensor errors, cloud interference, and other factors, resulting in 
significant noise issues that require complex preprocessing algorithms for denoising and correction [31]. 

Multimodal data fusion is a key challenge that urgently needs to be addressed in climate prediction. The climate 
data system encompasses various physical quantities, including temperature, precipitation, wind speed, and 
radiation, while different types of data exhibit significant differences in terms of collection methods and 
resolution. For example, in terms of data characteristics, remote sensing data has the property of two-
dimensional or three-dimensional spatial coverage, while meteorological station data often appears in the form 
of point-based time series. How to achieve the efficient fusion of multimodal data and construct a unified 
analysis framework has become an important breakthrough for improving the accuracy of climate prediction 
models [32]. In current research, the sequence alignment techniques and feature extraction methods for 
multimodal data are still in the development stage, and the heterogeneity and high-dimensional characteristics 
of data dimensions significantly increase the complexity of model construction [33]. In Table 2, climate data 
sources and common Issues systematically outline the technical characteristics and main challenges of different 
climate data sources. 

Table 2. Sources of Climate Data and Common Issues 
Data sources Dominance Limitations Key challenges 

Satellite 
observation Global coverage, high resolution Noisy, disturbed by clouds, missing 

data 
Data Noise Reduction and 

Interpolation 
Weather station 

data 
High precision and good long-term 

continuity Limited space coverage Insufficient regional 
representation 

Re-analysis of 
data 

Globally consistent, long-term 
dataset 

Dependent model simulation, error 
propagation Analog Error Correction 

Modeling challenges 

The climate system is highly nonlinear and multivariate coupled, and the modeling of complex nonlinear 
relationships is the core problem faced by machine learning methods in climate prediction [34]. The dynamics 
of climate data involves multiple time scales, such as inter-annual variability and seasonal cycles, and multiple 
spatial scales, such as local weather versus global climate patterns. These factors interact with each other, 
making model training necessary to capture the dynamic interactions of multiple variables in a high-dimensional 
feature space. Traditional linear regression and simple neural networks are difficult to characterize this 
complexity effectively, and higher-order neural networks and hybrid models, while having stronger fitting 
capabilities, also face the risk of parameter optimization and overfitting. 

The interpretability issue of machine learning models hinders their widespread application in climate prediction. 
Deep learning models, particularly Convolutional Neural Networks (CNN) and Long Short-Term Memory 
networks (LSTM), despite their excellent performance in prediction accuracy, are often regarded as "black 
boxes," lacking intuitive explanations for their prediction results [35]. In scientific research and policy-making, 
interpretability is a crucial factor. In order to enhance the transparency of models, recent research has 
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attempted to reveal the decision-making basis of models through attention mechanisms and visualization 
techniques, but their applicability and generalizability remain relatively limited [36]. 

Robustness issues are another significant limitation of model performance. The dynamic changes in climate data 
and the uncertainty of external environments can lead to significant performance degradation of the model 
when faced with new data. The model's strong dependence on specific data distributions during training leads 
to insufficient generalization ability, especially when facing extreme climate events, where the deviation in the 
model's predictions significantly increases [37]. Figure 2 shows the impact of data noise and nonlinear 
relationships on model predictions. 

 
Figure 2 Nonlinearity and noise effects in climate prediction data 

Application challenges 

The insufficient cross-regional and cross-temporal generalization ability of climate prediction models is a major 
obstacle in practical applications. The regional characteristics of the climate system are significant, and the 
climate patterns and influencing factors differ greatly across different regions, resulting in models trained in one 
region performing poorly when applied in another region [38]. Moreover, climate change exhibits long-term 
trends, and the stability of models in cross-temporal predictions directly affects their practical application value 
[39]. In current research, transfer learning methods have alleviated the issue of cross-regional generalization to 
some extent, but their improvement in model adaptability remains limited. 

The computational cost has become a key bottleneck restricting the practical application of models. Climate 
prediction involves processing massive high-dimensional data, and the training and inference processes of deep 
learning models demand computational resources that are nearly exorbitant [40]. Taking convolutional neural 
networks for processing global climate models as an example, their computational load often relies on large-
scale GPU clusters. This resource consumption characteristic makes it difficult for developing countries and 
research institutions with limited resources to conduct related research. In scenarios such as disaster early 
warning, where response speed is critically important, model deployment and real-time prediction capabilities 
also face severe challenges. Insufficient computational efficiency may directly delay decision-making timing [41]. 

Synthesis and Comparison of Methods 

Methods based on traditional machine learning 

Traditional machine learning methods have significant application value in climate prediction. These methods 
include Decision Trees (DT), Support Vector Machines (SVM), and Random Forests (RF). They establish 
preliminary prediction frameworks by extracting features and recognizing patterns in climate data [42]. 
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DTs are models based on rule-based partitioning, which recursively divide the dataset into multiple subsets to 
construct classification or regression trees. This method has certain advantages in handling the nonlinear 
relationships of climate data, as it does not require excessive assumptions about data distribution. The limitation 
of decision trees lies in their tendency to overfit, especially when dealing with high-dimensional climate data, 
where their generalization ability is relatively weak [43]. 

SVM achieve classification and regression by constructing hyperplanes in high-dimensional space, making them 
suitable for pattern recognition tasks in climate data. In climate prediction, SVM can handle complex nonlinear 
relationships through kernel functions, such as predicting extreme high temperatures and precipitation. 
However, the computational complexity of SVM is relatively high, especially when dealing with large-scale 
climate datasets, where its efficiency significantly decreases [44]. 

RFs improve model robustness and generalization by integrating multiple decision trees, and are widely used in 
the climate field for multivariate prediction tasks (such as joint prediction of temperature and precipitation). 
This method has a strong tolerance for data noise, but the model's parameter tuning process is relatively 
complex, and it may face performance bottlenecks when dealing with high-dimensional features [45]. Table 3 
summarizes the advantages and disadvantages of these methods and their applicable scenarios. 

Table 3. Comparison of Traditional Machine Learning Methods in Climate Prediction 
Methodologies Dominance Limitations Applicable Scenarios 

DT Easy to use and suitable for small 
data Easily overfitted and weakly generalized Classification of regional 

climate models 

SVM Suitable for modeling complex 
nonlinear relationships 

High computational complexity, difficult to 
scale to large-scale data 

Forecasts of extreme 
precipitation events 

RF Robust and low sensitivity to 
noise 

Complex parameter tuning and inefficient 
processing of high-dimensional data 

Joint multivariate climate 
projections 

Methods Based on Deep Learning 

Deep learning, with its powerful feature extraction capabilities and end-to-end learning mechanism, has shown 
significant advantages in climate change prediction. Convolutional Neural Networks (CNN), Recurrent Neural 
Networks (RNN), and their variants such as Long Short-Term Memory (LSTM) networks are currently the most 
widely used deep learning models [46]. 

Convolutional neural networks can capture the spatial features of climate data and are commonly used in global 
climate model analysis. CNN extracts local features from data through convolutional kernels, making it suitable 
for handling the two-dimensional or three-dimensional spatial distributions of climate data (such as temperature 
fields and precipitation fields). Improved deep CNN models have been used for spatial interpolation of reanalysis 
data and climate pattern classification, but they require a large amount of data and have high computational 
costs [47]. 

Recurrent neural networks are suitable for time series modeling, especially excelling in capturing the dynamic 
changes of climate data. Traditional RNNs have a vanishing gradient problem when dealing with long-term 
dependencies, while LSTMs effectively address this issue by introducing gating mechanisms. LSTM has been used 
to predict seasonal climate changes and extreme weather events, with its model structure. 

The limitations of deep learning models are mainly reflected in interpretability and computational complexity. 
Understanding physical processes is crucial in climate prediction, but the "black box" nature of deep learning 
models makes their prediction mechanisms difficult to interpret directly [48]. 

Cross-Domain Integration Methods 

To address the limitations of single machine learning methods, recent research has attempted to combine 
machine learning with physical models to construct cross-domain integration methods. These methods enhance 
the predictive performance of models by integrating the prior knowledge of climate science with the powerful 
data processing capabilities of machine learning [49]. 
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The coupling of machine learning with physical models demonstrates unique advantages in climate prediction. 
General Circulation Models (GCMs) based on physical equations can provide precise physical boundary 
conditions for the climate system, while machine learning can significantly enhance their regional-scale 
predictive performance through systematic corrections of the physical model biases. This fusion strategy has 
been preliminarily validated in scenarios such as reanalysis data bias correction and climate scenario simulation 
[50]. 

Reinforcement learning provides a new research direction for climate prediction. By constructing a prediction 
framework based on intelligent decision-making, reinforcement learning can optimize multi-step prediction 
strategies in dynamically changing climate systems. Figure 3 illustrates the integration of physical models with 
machine learning and its application process. Transfer learning further expands the applicability of machine 
learning models, enabling climate predictions across regions or over time through knowledge transfer. This 
method has great potential in climate prediction in developing regions [51].  

 
Figure 3 Cross-domain Integration Method Framework 

Application Scenario 

Regional climate change projections 

The regional characteristics of climate change are significant, with the climate patterns and trends in different 
areas showing notable differences due to variations in geographical location, topographical conditions, and 
climate zones. Traditional physical models struggle to accurately capture local climate change characteristics, 
while the application of machine learning methods in regional climate prediction offers new solutions to this 
problem [52]. 

Climate change predictions in tropical regions focus on the evolution of high temperatures and precipitation 
patterns. Given the complexity of the climate system in this region, driven by multiple factors such as monsoons 
and ocean currents, the integration of machine learning and reanalysis data has shown significant advantages 
in simulating trends in monsoon intensity changes and the frequency of extreme precipitation events [53]. 
Taking the construction of precipitation prediction models for the Southeast Asia region as an example, 
researchers achieved a breakthrough in prediction accuracy by integrating multiple input features such as sea 
surface temperature and humidity, based on the random forest algorithm. 

The climate change in temperate regions is mainly reflected in the seasonal temperature fluctuations and the 
frequency changes of extreme weather events (such as cold waves and heatwaves). The application of deep 
learning methods in temperate regions focuses on seasonal temperature prediction and the identification of 
extreme events. The LSTM model demonstrates significant advantages in predicting heatwaves in the central 
region of North America by capturing the long-term dependencies of temperature time series [54]. Figure 4 
shows the modeling process and data input features for tropical and temperate regions. 
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Figure 4 Framework for projecting climate change in different regions 

Application-specific scenario analysis 

Climate change predictions have significant application value in fields such as agriculture, energy, and disaster 
warning. Different fields have varying requirements for the accuracy and timeliness of the prediction results. 

Agricultural sector 

Climate change has a direct impact on crop cultivation, yield prediction, and pest control. Climate prediction 
models based on Convolutional Neural Networks (CNN) have been successfully applied to simulate crop growth 
cycles. Research shows that deep learning models that integrate land use data and climate data can significantly 
improve the accuracy of regional yield predictions [55]. In sub-Saharan Africa, LSTM-based precipitation 
prediction models are used to optimize irrigation plans, reducing the impact of precipitation uncertainty on 
agricultural production. 

Energy sector 

Climate change has a profound impact on the development and utilization of renewable energy. The power 
generation efficiency of wind and solar energy highly depends on meteorological conditions. Wind speed 
prediction models based on Support Vector Machines (SVM) have been widely used in wind farm site selection 
and operational optimization [56]. In addition, regional radiation models based on reanalysis data combined 
with random forest algorithms provide high-precision irradiance predictions for solar power station planning. 

Early warning of disasters 

The frequent occurrence of extreme weather events poses a serious threat to the socio-economy, and disaster 
early warning has become an important application scenario for climate prediction. Dynamic disaster prediction 
models based on reinforcement learning improve the ability to predict hurricane paths and intensity by real-
time updating of climate data [57]. In the Asia-Pacific region, deep learning models based on multimodal data 
fusion have significantly improved the timeliness and accuracy of flood warnings. Table 4 summarizes the 
application cases and model characteristics in the fields of agriculture, energy, and disaster early warning. 

Table 4. Characteristics of climate prediction applications in different areas 
Areas of 

application Model Type Data sources Key feature Applied value 

Agriculture CNN, LSTM Land use data, weather station 
observations 

Regional yield forecasting, 
irrigation optimization Enhancing climate resilience 

Renewable 
energy 

SVM, RF 
 

Reanalysis data, remote sensing 
data 

Wind speed prediction, 
irradiance modeling 

Optimizing the efficiency of 
renewable energy use 

Early warning 
of disasters 

Reinforcement 
Learning, CNN 

Multimodal data 
(meteorological + topographic) 

Hurricane tracks, flood 
warnings Reducing disaster losses 

Comparison and Summary of Application Cases 

Climate prediction models in different application scenarios exhibit significant performance differences, which 
mainly stem from data types, model structures, and application requirements. The agricultural sector 



Advances in Computational Modeling for Climate Change Prediction Based on Machine Learning 
DOI:  

50 
 

emphasizes the precise simulation of regional climate changes, and CNNs and LSTMs are widely used due to 
their strong capabilities in spatial and temporal feature extraction [58]. The energy sector has high real-time 
requirements for models, and support vector machines and random forests meet this demand with their 
computational efficiency and robustness [59]. Disaster warning, on the other hand, requires models to have 
dynamic adaptability. Reinforcement learning models achieve efficient prediction of extreme events through 
real-time data updates and strategy optimization [60]. 

Conclusion and Outlook 

Conclusion 

Climate change prediction, as an important means to address global environmental changes, highly depends on 
scientific modeling methods and the support of high-quality data from multiple sources. This paper 
systematically reviews the current climate prediction methods based on machine learning, covering three main 
categories of technologies: traditional machine learning methods, including algorithms such as decision trees, 
support vector machines, and random forests; deep learning methods involving models like convolutional neural 
networks, recurrent neural networks, and long short-term memory networks; and cross-domain integration 
methods that explore the combination of machine learning with physical models, as well as the innovative 
applications of reinforcement learning and transfer learning. 

Focusing on the three dimensions of data, models, and application scenarios, this paper delves into the key 
challenges currently faced in research, including the issue of data scarcity, the technical bottlenecks of 
multimodal data fusion, and the balancing act between modeling complex nonlinear relationships and ensuring 
result interpretability. The research found that traditional machine learning methods perform excellently on 
small-scale datasets and in specific scenarios, but they have significant limitations in handling high-dimensional 
data and generalization capabilities. Deep learning methods, with their powerful end-to-end modeling and 
automatic feature extraction capabilities, have shown significant advantages in climate time series analysis and 
spatial pattern recognition. However, their high computational complexity and poor interpretability limit 
practical applications. In contrast, cross-domain integration methods, by combining the prior knowledge of 
physical models with the flexibility of machine learning, have opened new pathways for modeling complex 
climate systems. 

This paper further discusses two aspects: regional climate prediction and specific application fields, focusing on 
examining the practical effects and applicability boundaries of different technical solutions in scenarios such as 
agricultural meteorological services, renewable energy development, and extreme weather warnings. Based on 
a systematic review of existing research, this paper suggests that the key to improving climate prediction 
performance in the future lies in the continuous innovation of model architecture, the expansion and 
optimization of data acquisition channels, and the enhancement of interdisciplinary collaborative research 
mechanisms. 

Future research 

Improvement in data acquisition and pre-processing 

High-quality data is the foundation of climate prediction. In the future, it is necessary to strengthen the 
integration capabilities of multi-source climate data and build datasets with broader coverage and higher 
temporal and spatial resolution. For example, using high-precision satellite remote sensing technology 
combined with ground observation data to jointly generate a globally unified climate reanalysis dataset can 
effectively reduce the impact of data scarcity on model performance. In addition, more advanced preprocessing 
algorithms should be developed, such as data reconstruction techniques based on Generative Adversarial 
Networks (GANs), to address missing values and noise in climate data. In the field of multimodal data fusion, it 
is necessary to explore more efficient sequence alignment and feature extraction methods to address the 
spatiotemporal inconsistencies between different data sources. 
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Model design and optimization recommendations 

Regarding the complexity and interpretability issues of climate prediction models, future research should focus 
on the following aspects. First, the interpretability of the model should be enhanced by developing explainable 
machine learning methods, such as models based on attention mechanisms, to reveal the key driving factors 
behind the predictions, thereby increasing the credibility of climate prediction models in scientific research and 
policy-making. Secondly, the potential of multi-task learning should be explored, designing multi-task learning 
models capable of simultaneously predicting various climate variables (such as temperature, precipitation, and 
wind speed) to enhance the model's overall predictive capability. In addition, the model's lightweight and real-
time capabilities should be optimized by enhancing the computational performance of deep learning models 
through techniques such as model pruning, quantization, and knowledge distillation, thereby meeting the needs 
of real-time disaster warning scenarios. Finally, the robustness of the model should be improved. For predicting 
extreme weather events, more robust hybrid models should be constructed, and the prediction accuracy of rare 
events should be enhanced by integrating multiple algorithms. These optimization directions will provide 
important support for addressing key challenges in climate prediction. 

Interdisciplinary cooperation and possibilities for practical application 

The interdisciplinary nature of climate prediction requires the establishment of deep collaborative mechanisms 
between climate science, computer science, and social science. At the theoretical level, it is necessary to embed 
climate physics prior knowledge into machine learning frameworks through hybrid models to significantly 
enhance regional prediction accuracy. At the application level, emphasis should be placed on the scenario-based 
implementation in the fields of agriculture, energy, and disaster prevention, including the construction of 
regional agricultural meteorological service platforms to ensure food security, as well as optimizing renewable 
energy dispatch strategies based on climate predictions. At the social level, intuitive visualization tools need to 
be developed to translate complex prediction results, simultaneously enhancing public awareness and the 
scientific nature of policies. This "theory-application-society" integrated research paradigm will systematically 
promote the transformation of climate prediction from technological breakthroughs to practical value 
realization. 

References

[1] Abiodun, B. J., Abatan, A. A., & Gutowski, W. J. (2018). Modelling the impacts of climate change on extreme 
weather events in Africa. Climate Research, 77(1), 1–17. https://doi.org/10.3354/cr01541 

[2] Alashqar, M., Elgendi, M., & Nasr, A. (2020). Deep learning for weather prediction: A review. Journal of 
Atmospheric and Oceanic Technology, 37(4), 783–801. https://doi.org/10.1175/JTECH-D-19-0143.1 

[3] Amato, F., Guignard, F., & Mosca, M. (2018). A review of machine learning methods applied to climate 
change prediction. Environmental Modelling & Software, 104, 118–132. 
https://doi.org/10.1016/j.envsoft.2018.02.013 

[4] Bochenek, B., & Ustrnul, Z. (2022). Machine Learning in Weather Prediction and Climate Analyses—
Applications and Perspectives. Atmosphere, 13(2), 180. https://doi.org/10.3390/atmos13020180 

[5] Ashouri, H., & Hsu, K. (2018). A machine learning approach to precipitation estimation for hydrologic 
applications. Journal of Hydrometeorology, 19(3), 521–538. https://doi.org/10.1175/JHM-D-17-0026.1 

[6] Baño-Medina, J., Manzanas, R., & Gutiérrez, J. M. (2020). Configuration and intercomparison of deep 
learning neural models for statistical downscaling. Geoscientific Model Development, 13(4), 2109–2124. 
https://doi.org/10.5194/gmd-13-2109-2020 

[7] Beucler, T., Pritchard, M., & Gentine, P. (2021). Climate-invariant machine learning. Journal of Advances in 
Modeling Earth Systems, 13(2), e2020MS002225. https://doi.org/10.1029/2020MS002225 

[8] Bhardwaj, A., & Singh, T. (2021). A hybrid deep learning model for accurate climate forecasting. Applied 
Energy, 304, 117756. https://doi.org/10.1016/j.apenergy.2021.117756 

[9] Flo, V., Martínez‐Vilalta, J., Mencuccini, M., Granda, V., Anderegg, W. R. L., & Poyatos, R. (2021). Climate 
and functional traits jointly mediate tree water‐use strategies. New Phytologist, 231(2), 617–630. 
https://doi.org/10.1111/nph.17404 

https://doi.org/10.3354/cr01541
https://doi.org/10.1175/JTECH-D-19-0143.1
https://doi.org/10.1016/j.envsoft.2018.02.013
https://doi.org/10.1175/JHM-D-17-0026.1
https://doi.org/10.5194/gmd-13-2109-2020
https://doi.org/10.1029/2020MS002225
https://doi.org/10.1016/j.apenergy.2021.117756


Advances in Computational Modeling for Climate Change Prediction Based on Machine Learning 
DOI:  

52 
 

[10] Vitousek, S., Buscombe, D., Vos, K., Barnard, P. L., Ritchie, A. C., & Warrick, J. A. (2022). The future of coastal 
monitoring through satellite remote sensing. Cambridge Prisms Coastal Futures, 1. 
https://doi.org/10.1017/cft.2022.4 

[11] Chou, J. S., & Ngo, N. T. (2020). Time series prediction using hybrid machine learning models. Journal of 
Hydrology, 584, 124611. https://doi.org/10.1016/j.jhydrol.2020.124611 

[12] Choukulkar, A., & Caldas, A. (2018). Wind energy modeling using machine learning. Renewable Energy, 125, 
694–704. https://doi.org/10.1016/j.renene.2018.03.014 

[13] Han, J., Zhang, Z., Cao, J., Luo, Y., Zhang, L., Li, Z., & Zhang, J. (2020). Prediction of winter wheat yield based 
on multi-source data and machine learning in China. Remote Sensing, 12(2), 236. 
https://doi.org/10.3390/rs12020236 

[14] Park, S., & Kim, Y. (2022). A metaverse: taxonomy, components, applications, and open challenges. IEEE 
Access, 10, 4209–4251. https://doi.org/10.1109/access.2021.3140175 

[15] Dahlke, H., & McMillan, H. (2021). Advances in hydrological modeling with machine learning. Water 
Resources Research, 57(7), e2020WR028771. https://doi.org/10.1029/2020WR028771 

[16] Das, S., & Tiwari, M. K. (2021). Machine learning techniques for extreme weather prediction. Computers 
and Geosciences, 146, 104637. https://doi.org/10.1016/j.cageo.2020.104637 

[17] Beck, H. E., Pan, M., Roy, T., Weedon, G. P., Pappenberger, F., Van Dijk, A. I. J. M., Huffman, G. J., Adler, R. 
F., & Wood, E. F. (2019). Daily evaluation of 26 precipitation datasets using Stage-IV gauge-radar data for 
the CONUS. Hydrology and Earth System Sciences, 23(1), 207–224. https://doi.org/10.5194/hess-23-207-
2019 

[18] Barrera-Animas, A. Y., Oyedele, L. O., Bilal, M., Akinosho, T. D., Delgado, J. M. D., & Akanbi, L. A. (2021). 
Rainfall prediction: A comparative analysis of modern machine learning algorithms for time-series 
forecasting. Machine Learning with Applications, 7, 100204. https://doi.org/10.1016/j.mlwa.2021.100204 

[19] Ridwan, W. M., Sapitang, M., Aziz, A., Kushiar, K. F., Ahmed, A. N., & El-Shafie, A. (2020). Rainfall forecasting 
model using machine learning methods: Case study Terengganu, Malaysia. Ain Shams Engineering Journal, 
12(2), 1651–1663. https://doi.org/10.1016/j.asej.2020.09.011 

[20] Hewage, P., Behera, A., Trovati, M., Pereira, E., Ghahremani, M., Palmieri, F., & Liu, Y. (2020). Temporal 
convolutional neural (TCN) network for an effective weather forecasting using time-series data from the 
local weather station. Soft Computing, 24(21), 16453–16482. https://doi.org/10.1007/s00500-020-04954-
0 

[21] Park, S., & Kim, Y. (2022). A metaverse: taxonomy, components, applications, and open challenges. IEEE 
Access, 10, 4209–4251. https://doi.org/10.1109/access.2021.3140175 

[22] Park, S., & Kim, Y. (2022c). A metaverse: taxonomy, components, applications, and open challenges. IEEE 
Access, 10, 4209–4251. https://doi.org/10.1109/access.2021.3140175 

[23] Cai, Y., Liu, S., & Lin, H. (2020). Monitoring the Vegetation Dynamics in the Dongting Lake Wetland from 
2000 to 2019 Using the BEAST Algorithm Based on Dense Landsat Time Series. Applied Sciences, 10(12), 
4209. https://doi.org/10.3390/app10124209 

[24] Fang, Z., & Wang, Q. (2019). Regional climate prediction using hybrid models. Climate Research, 78(4), 
367–379. https://doi.org/10.3354/cr01575 

[25] Feng, Y., & Pan, Z. (2021). A survey on climate forecasting using advanced machine learning techniques. 
Environmental Modelling & Software, 133, 104828. https://doi.org/10.1016/j.envsoft.2020.104828 

[26] Fang, W., Xue, Q., Shen, L., & Sheng, V. S. (2021). Survey on the Application of Deep Learning in Extreme 
Weather Prediction. Atmosphere, 12(6), 661. https://doi.org/10.3390/atmos12060661 

[27] Geer, A. J. (2021). Learning earth system models from observations: machine learning or data assimilation? 
Philosophical Transactions of the Royal Society a Mathematical Physical and Engineering Sciences, 
379(2194). https://doi.org/10.1098/rsta.2020.0089 

[28] Guo, H., & Ma, J. (2021). A multimodal machine learning framework for climate data analysis. Journal of 
Climate, 34(15), 6125–6142. https://doi.org/10.1175/JCLI-D-21-0055.1 

[29] Barnes, A. P., Kjeldsen, T. R., & McCullen, N. (2022). Video based convolutional neural networks forecasting 
for rainfall forecasting. IEEE Geoscience and Remote Sensing Letters, 19, 1–5. 
https://doi.org/10.1109/lgrs.2022.3167456 

[30] Ho, H. C., & Wong, M. S. (2018). Machine learning for urban heat island studies. Building and Environment, 
144, 319–333. https://doi.org/10.1016/j.buildenv.2018.08.042 

[31] Hsu, K., & Sorooshian, S. (2018). Precipitation prediction using deep neural networks. Journal of 
Hydrometeorology, 19(8), 1403–1419. https://doi.org/10.1175/JHM-D-17-0148.1 

https://doi.org/10.1016/j.jhydrol.2020.124611
https://doi.org/10.1016/j.renene.2018.03.014
https://doi.org/10.1029/2020WR028771
https://doi.org/10.1016/j.cageo.2020.104637
https://doi.org/10.3354/cr01575
https://doi.org/10.1016/j.envsoft.2020.104828
https://doi.org/10.1175/JCLI-D-21-0055.1
https://doi.org/10.1016/j.buildenv.2018.08.042
https://doi.org/10.1175/JHM-D-17-0148.1


Advances in Computational Modeling for Climate Change Prediction Based on Machine Learning 
DOI:  

53 
 

[32] Huang, G., & Wang, Y. (2020). Deep learning-based hurricane intensity forecasting. Weather and 
Forecasting, 35(4), 1235–1250. https://doi.org/10.1175/WAF-D-19-0214.1 

[33] Jang, H., & Kim, J. (2022). Deep neural networks for extreme weather classification. Atmospheric Research, 
271, 106082. https://doi.org/10.1016/j.atmosres.2022.106082 

[34] Jiang, Z., & Yang, J. (2021). LSTM-based prediction of extreme precipitation events. Hydrology and Earth 
System Sciences, 25(2), 637–651. https://doi.org/10.5194/hess-25-637-2021 

[35] Kang, J., & Lee, H. (2019). Application of deep learning to flood prediction. Journal of Hydrology, 577, 
123947. https://doi.org/10.1016/j.jhydrol.2019.123947 

[36] Kim, Y., & Kang, J. (2020). Multimodal deep learning for typhoon track prediction. Remote Sensing, 12(6), 
906. https://doi.org/10.3390/rs12060906 

[37] McGovern, A., Lagerquist, R., Gagne, D. J., Jergensen, G. E., Elmore, K. L., Homeyer, C. R., & Smith, T. (2019). 
Making the black box more transparent: understanding the physical implications of machine learning. 
Bulletin of the American Meteorological Society, 100(11), 2175–2199. https://doi.org/10.1175/bams-d-18-
0195.1 

[38] Kratzert, F., & Nearing, G. S. (2020). Rainfall-runoff modeling using LSTMs. Hydrology and Earth System 
Sciences, 24(10), 5203–5220. https://doi.org/10.5194/hess-24-5203-2020 

[39] Kumar, P., & Ghosh, S. (2018). Deep convolutional networks for heatwave prediction. Journal of Climate, 
31(6), 2375–2392. https://doi.org/10.1175/JCLI-D-17-0523.1 

[40] Wang, X., Wang, W., & Yan, B. (2020). Tropical Cyclone Intensity Change Prediction Based on Surrounding 
Environmental Conditions with Deep Learning. Water, 12(10), 2685. https://doi.org/10.3390/w12102685 

[41] Lee, D., & Seo, J. (2020). A hybrid deep learning model for extreme rainfall prediction. Journal of Hydrology, 
585, 124828. https://doi.org/10.1016/j.jhydrol.2020.124828 

[42] Li, H., & Wang, X. (2019). Improving extreme weather event prediction with attention mechanisms. 
Scientific Reports, 9(1), 1–11. https://doi.org/10.1038/s41598-019-45712-z 

[43] Li, X., & Zhou, Y. (2021). Generative adversarial networks for flood inundation mapping. Remote Sensing, 
13(3), 467. https://doi.org/10.3390/rs13030467 

[44] Liu, F., & Sun, W. (2020). Spatiotemporal modeling of extreme precipitation events using deep CNNs. Earth 
and Space Science, 7(6), e2020EA001203. https://doi.org/10.1029/2020EA001203 

[45] Wenwei, X., Karthik, B., Andrew, A., Nicholas, L., Nathan, H., Mark, D., & David, J. (2021). Deep learning 
experiments for tropical cyclone intensity forecasts. Weather and Forecasting. 
https://doi.org/10.1175/waf-d-20-0104.1 

[46] Luo, J., & Wang, H. (2020). A deep learning framework for drought prediction. Journal of Hydrology, 587, 
124984. https://doi.org/10.1016/j.jhydrol.2020.124984 

[47] Ma, X., & Liu, J. (2021). Deep transfer learning for extreme weather event forecasting. Environmental 
Research, 201, 111530. https://doi.org/10.1016/j.envres.2021.111530 

[48] Pham, Q., Fang, F., Ha, V. N., Piran, M. J., Le, M., Le, L. B., Hwang, W., & Ding, Z. (2020). A survey of Multi-
Access Edge Computing in 5G and Beyond: Fundamentals, technology integration, and State-of-the-Art. 
IEEE Access, 8, 116974–117017. https://doi.org/10.1109/access.2020.3001277 

[49] Jiao, W., Wang, L., & McCabe, M. F. (2021). Multi-sensor remote sensing for drought characterization: 
current status, opportunities and a roadmap for the future. Remote Sensing of Environment, 256, 112313. 
https://doi.org/10.1016/j.rse.2021.112313 

[50] Mishra, A., & Singh, V. P. (2019). Deep learning for hydrological extremes. Journal of Hydrology, 578, 
124093. https://doi.org/10.1016/j.jhydrol.2019.124093 

[51] Zhou, H., Zhang, S., Peng, J., Zhang, S., Li, J., Xiong, H., & Zhang, W. (2021). Informer: Beyond efficient 
transformer for long sequence Time-Series forecasting. Proceedings of the AAAI Conference on Artificial 
Intelligence, 35(12), 11106–11115. https://doi.org/10.1609/aaai.v35i12.17325 

[52] Biard, J. C., & Kunkel, K. E. (2019). Automated detection of weather fronts using a deep learning neural 
network. Advances in Statistical Climatology, Meteorology and Oceanography, 5(2), 147–160. 
https://doi.org/10.5194/ascmo-5-147-2019 

[53] Qiu, Y., & Ren, D. (2020). Hybrid deep learning for typhoon intensity prediction. Meteorological 
Applications, 27(4), e1938. https://doi.org/10.1002/met.1938 

[54] Shen, C., & Tao, X. (2021). Extreme heatwave prediction using neural networks. Geoscientific Model 
Development, 14(3), 1445–1463. https://doi.org/10.5194/gmd-14-1445-2021 

[55] Sun, W., & Di, Z. (2022). CNN-LSTM hybrid deep learning model for flood forecasting. Journal of Hydrology, 
610, 127965. https://doi.org/10.1016/j.jhydrol.2022.127965 

https://doi.org/10.1175/WAF-D-19-0214.1
https://doi.org/10.1016/j.atmosres.2022.106082
https://doi.org/10.5194/hess-25-637-2021
https://doi.org/10.1016/j.jhydrol.2019.123947
https://doi.org/10.3390/rs12060906
https://doi.org/10.5194/hess-24-5203-2020
https://doi.org/10.1175/JCLI-D-17-0523.1
https://doi.org/10.1016/j.jhydrol.2020.124828
https://doi.org/10.1038/s41598-019-45712-z
https://doi.org/10.3390/rs13030467
https://doi.org/10.1029/2020EA001203
https://doi.org/10.1016/j.jhydrol.2020.124984
https://doi.org/10.1016/j.envres.2021.111530
https://doi.org/10.1016/j.jhydrol.2019.124093
https://doi.org/10.1002/met.1938
https://doi.org/10.5194/gmd-14-1445-2021
https://doi.org/10.1016/j.jhydrol.2022.127965


Advances in Computational Modeling for Climate Change Prediction Based on Machine Learning 
DOI:  

54 
 

[56] Tang, J., & Dai, Y. (2021). Predicting extreme precipitation with deep neural networks. Remote Sensing of 
Environment, 259, 112427. https://doi.org/10.1016/j.rse.2021.112427 

[57] Tarek, M., & Khan, S. (2020). Deep learning for storm surge prediction. Environmental Modelling & 
Software, 132, 104808. https://doi.org/10.1016/j.envsoft.2020.104808 

[58] Wu, X., Zhou, J., Yu, H., Liu, D., Xie, K., Chen, Y., Hu, J., Sun, H., & Xing, F. (2021). The development of a 
hybrid Wavelet-ARIMA-LSTM model for precipitation amounts and drought analysis. Atmosphere, 12(1), 
74. https://doi.org/10.3390/atmos12010074 

[59] Wang, C., & Zhang, X. (2020). CNN-based storm intensity prediction. Meteorological Applications, 27(2), 
e1912. https://doi.org/10.1002/met.1912 

[60] Sadeghi, M., Asanjan, A. A., Faridzad, M., Nguyen, P., Hsu, K., Sorooshian, S., & Braithwaite, D. (2019). 
PERSIANN-CNN: Precipitation Estimation from Remotely Sensed Information Using Artificial Neural 
Networks–Convolutional Neural Networks. Journal of Hydrometeorology, 20(12), 2273–2289. 
https://doi.org/10.1175/jhm-d-19-0110.1 

 

https://doi.org/10.1016/j.rse.2021.112427
https://doi.org/10.1016/j.envsoft.2020.104808
https://doi.org/10.1002/met.1912

	Introduction
	Core concepts and foundations
	Core concepts and indicators for climate change prediction
	Basics of Machine Learning Models
	Mathematical formulae and evaluation indicators

	Key issues and challenges
	Data challenges
	Modeling challenges
	Application challenges

	Synthesis and Comparison of Methods
	Methods based on traditional machine learning
	Methods Based on Deep Learning
	Cross-Domain Integration Methods

	Application Scenario
	Regional climate change projections
	Application-specific scenario analysis
	Agricultural sector
	Energy sector
	Early warning of disasters

	Comparison and Summary of Application Cases

	Conclusion and Outlook
	Conclusion
	Future research
	Improvement in data acquisition and pre-processing
	Model design and optimization recommendations
	Interdisciplinary cooperation and possibilities for practical application


	References

