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Abstract This study aims to analyze research trends related to Artificial Intelligence (Al) in
the global meteorological field from 2018 to 2024 and identify the major research topics and
keywords. By utilizing the Web of Science database, a total of 5,846 papers related to Al in
meteorology were identified and analyzed. The study employed latent Dirichlet allocation
(LDA) topic modeling to extract the main research topics. The optimization of topic modeling
parameters was performed by adjusting document-topic density (alpha) and word-topic density
(beta) distributions, which control the concentration of topics in documents and words in topics,
respectively. Through comprehensive parameter optimization, the model achieved the coher-
ence score of 0.639 with alpha value of 0.08, beta value of 0.01, and 6 topics, indicating clear
and well-separated research themes in the field. These optimal parameter values were used for
the topic modeling analysis. The analysis revealed that (1) research on ‘Al-based prediction of
hydrological variables’ encompasses studies applying Al techniques to predict hydrological vari-
ables such as rainfall and evaporation, aiming for more precise meteorological forecasting. (2)
Studies on ‘Al-based analysis of the impacts of climate change’ utilize Al models to analyze the
effects of climate change on various regions and ecosystems, assessing potential impacts under
different climate change scenarios and predicting future environmental changes. (3) Research on
‘Al-based prediction of oceanic and surface temperatures’ focuses on improving the accuracy of
meteorological and environmental observations by predicting ocean and land surface tempera-
tures using satellite data. (4) Studies on ‘Machine learning-based risk assessment and prediction
of natural disasters’ evaluate and predict the likelihood of natural disasters such as floods and
landslides, providing crucial information for disaster management and prevention. (5) Research
on ‘Al and meteorological data utilization for real-time rainfall prediction’ aims to enhance the
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accuracy of real-time rainfall forecasting by combining meteorological radar data with Al tech-
niques, playing a critical role in rapidly changing weather conditions. (6) Studies on ‘Al utiliza-
tion in wind power forecasting and meteorological condition analysis’ aim to optimize wind
energy production by predicting wind speed and weather conditions, contributing to efficient
energy management. This study systematically analyzes research trends related to the applica-
tion of Al in meteorology, contributing to the academic development of the field and suggesting
future research directions. Specifically, by identifying research trends through topic modeling,
this study provides a structured understanding of the convergence of meteorology and Al, offer-
ing valuable foundational data to researchers in the field.
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Fig. 1. The number of research papers utilizing artificial intelligence in the field of meteorology from 2018 to June 2024,

categorized by year.
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Fig. 2. A diagram illustrating the structure of the Latent Dirichlet Allocation (LDA) algorithm and the method for determining

topics.
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Table 1. A table showing the proportion, trend (Increase/Decrease), and trajectory (Emerging/Declining) of each topic.
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Fig. 5. A time-series graph illustrating the change in the proportion of papers corresponding to each topic over the years.
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Fig. 7. A graph showing the change in the frequency and proportion of papers corresponding to Topic 1 over the years, along
with a linear regression analysis.

Table 2. A table of key papers corresponding to Topic 1.

Topic ~ Prob. Article Title Year
Monthly and seasonal hydrological drought forecasting using multiple extreme learning
0.976 . 2022
machine models
Physical and artificial intelligence-based hybrid models for rainfall-runoff-sediment process
0.966 . 2023
modelling
0.963 Short-Term Hydrological Drought Forecasting Based on Different Nature-Inspired Optimization 2020
’ Algorithms Hybridized With Artificial Neural Networks
Integration of extreme gradient boosting feature selection approach with machine learning
0.952 . . o L 2022
models: application of weather relative humidity prediction
. 0.949 Development of machine learning models for estimation of daily evaporation and mean 2024
Topic 1 temperature: a case study in New Delhi, India
0.942 A Comparative Evaluation of the Use of Artificial Neural Networks for Modeling the Rainfall- 2021
) Runoft Relationship in Water Resources Management
0.939 Deep learning model for daily rainfall prediction: case study of Jimma, Ethiopia 2022
0.937 Reservoir Inflow Prediction: A Comparison between Semi Distributed Numerical and Artificial 2023
' Neural Network Modelling
0.933  Potential of Hybrid Data-Intelligence Algorithms for Multi-Station Modelling of Rainfall 2019
0932 Short term rainfall-runoff modelling using several machine learning methods and a conceptual 2021

event-based model
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Fig. 9. A graph showing the change in the frequency and proportion of papers corresponding to Topic 2 over the years, along

with a linear regression analysis.
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Table 3. A table of key papers corresponding to Topic 2.

Topic  Prob. Article Title Year
0.987 Predicting the Potential Distribution of Haloxylon ammodendron under Climate Change 2024
' Scenarios Using Machine Learning of a Maximum Entropy Model
Modeling of the Potential Geographical Distribution of Three Fritillaria Species Under Climate
0.976 2022
Change
0.976 Identifying links between monsoon variability and rice production in India through machine 2023
) learning
0.972 Identifying climate thresholds for dominant natural vegetation types at the global scale using 2022
’ machine learning: Average climate versus extremes
Topic 2 (977 Climate change, asset redeployability, and sustainability: evidence from earnings conference 2024
) calls
0.958 Al-orientation and company climate action: The moderating role of dependency structure and 2024
’ innovation capability
0.956 Unleashing the power of artificial intelligence for climate action in industrial markets 2024
Revisiting the importance of temperature, weather and air pollution variables in heat-mortality
0.956 . g . . . 2024
relationships with machine learning
0.953 Deploying artificial intelligence for climate change adaptation 2022
0.953 Prediction of global temperature anomaly by machine learning based techniques 2023
responses, predictive modeling 522 =ZF Ut} F ZF AESl o] WIS d&3tT g A niEEeE )
2 T3 machine learning 7] (maximum entropy o] JAFA T GTo] wjg FRIAIL gloH, o]
models, random forests, ANN)Z} 2 3}9] 7]'HQ] Deep wofo|Ae AFe FF AEHAH] o] o FddETh
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Fig. 11. A graph showing the change in the frequency and proportion of papers corresponding to Topic 3 over the years, along
with a linear regression analysis.

Table 4. A table of key papers corresponding to Topic 3.

Topic  Prob. Article Title Year
0.986 Comparison of Three Convolution Neural Network Schemes to Retrieve Temperature and 2022
’ Humidity Profiles from the FY4A GIIRS Observations
0.986 Generation of Spatial-Seamless AMSR2 Land Surface Temperature in China During 20122020 2023
' Using a Deep Neural Network
0.978 Fusion Retrieval of Sea Surface Barometric Pressure from the Microwave Humidity and 2022
' Temperature Sounder and Microwave Temperature Sounder-11 Onboard the Fengyun-3 Satellite
0.974 A two-step deep learning framework for mapping gapless all-weather land surface temperature 2022
’ using thermal infrared and passive microwave data
Downscaling Aster Land Surface Temperature over Urban Areas with Machine Learning-Based
0.969 . . . . 2020
Topic 3 Area-To-Point Regression Kriging
0.969 Applicability Evaluation of Automated Machine Learning and Deep Neural Networks for Arctic 2023
' Sea Ice Surface Temperature Estimation
0.965 A New Approach for Surface Urban Heat Island Monitoring Based on Machine Learning 2020
' Algorithm and Spatiotemporal Fusion Model
0.957 Artificial Neural Networks to Retrieve Land and Sea Skin Temperature from IASI 2020
0.957 Temperature and Relative Humidity Profile Retrieval from Fengyun-3D/VASS in the Arctic 2023
’ Region Using Neural Networks
0.955 Artificial Neural Network Model for Estimating Ocean Heat Content in the Sea Ice-Covered 2022
' Arctic Regions Using Satellite Data
£ 53l 715 WiEd 9 71 @4 9FS 2AE |5 7IHO 2= TA deep learning¥} data fusion
= A3Ee] xgEY. s N EH 228 714 49 technique® 2 788 4= Ut} Deep learning EoFS
5 9 75 AN Faogt 947 285, 94 228k A3}, spatial-temporal H|ol8 A2]E $]3 3D-
tole 2 A4 #AZ dolHE Agste] o Agst CNN, AAIE d =S ¢33 RNN (recurrent neural
o &2 7Fs3HAl Stk Figure 10914 8 71995+ network)?} LSTM (long short-term memory) 5°]

sea surface temperature (SST) prediction, land surface
temperature (LST) prediction, remote sensing, deep
learning, convolutional neural networks (CNNs), data

=¥ AL

fusion, spatial-temporal modeling 5°] =

Z AFE-E T Data fusion technique okl A=
multi-modal learning, feature-level fusion, decision-
59 7ol &&= olgg VHE
AA HolelE Agste] g SA¢]

level fusion
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Fig. 13. A graph showing the change in the frequency and proportion of papers corresponding to Topic 4 over the years, along

with a linear regression analysis.
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Table 5. A table of key papers corresponding to Topic 4.

e 125

Topic  Prob. Article Title Year
0.983  Evaluating urban flood risk using hybrid method of TOPSIS and machine learning 2021
0.982  GIS Based Hybrid Computational Approaches for Flash Flood Susceptibility Assessment 2020
Prediction Success of Machine Learning Methods for Flash Flood Susceptibility Mapping in the
0.978 2019
Tafresh Watershed, Iran
0.978 Multi-Hazard Exposure Mapping Using Machine Learning for the State of Salzburg, Austria 2020
0.972 Spatial prediction of flood potential using new ensembles of bivariate statistics and artificial 2019
’ intelligence: A case study at the Putna river catchment of Romania
Topic 4 0.971 Flood susceptibility prediction using tree-based machine learning models in the GBA 2023
0.969 Detection of areas prone to flood-induced landslides risk using certainty factor and its 2022
' hybridization with FAHP, XGBoost and deep learning neural network
Flash Flood Susceptibility Modeling Using New Approaches of Hybrid and Ensemble Tree-
0.965 . . . 2020
Based Machine Learning Algorithms
Interpretable machine learning for predicting urban flash flood hotspots using intertwined land
0.962 . . 2024
and built-environment features
0.956 Assessing Coastal Flood Susceptibility in East Java, Indonesia: Comparison of Statistical 2022

Bivariate and Machine Learning Techniques
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Fig. 15. A graph showing the change in the frequency and proportion of papers corresponding to Topic 5 over the years, along
with a linear regression analysis.

Table 6. A table of key papers corresponding to Topic 5.

Topic  Prob. Article Title Year
Improving Nowcasting of Convective Development by Incorporating Polarimetric Radar
0.978 . . 2021
Variables Into a Deep-Learning Model
0.975 Multi-Task Learning for Simultaneous Retrievals of Passive Microwave Precipitation Estimates 2023
’ and Rain/No-Rain Classification
RN-Net: A Deep Learning Approach to 0-2 Hour Rainfall Nowcasting Based on Radar and
0.969 . . 2021
Automatic Weather Station Data
0.968 Key factors for quantitative precipitation nowcasting using ground weather radar data based on 2023
’ deep learning
Topic 5 0.967 Effective training strategies for deep-learning-based precipitation nowcasting and estimation 2022
0.966 Improving the heavy rainfall forecasting using a weighted deep learning model 2023
Deep-Learning-Based Gridded Downscaling of Surface Meteorological Variables in Complex
0.961 . . e 2020
Terrain. Part II: Daily Precipitation
Deep Learning for Polarimetric Radar Quantitative Precipitation Estimation during Landfalling
0.961 . . 2021
Typhoons in South China
Artificial Intelligence-Based Techniques for Rainfall Estimation Integrating Multisource
0.960 L 2021
Precipitation Datasets
0.958  spateGAN: Spatio-Temporal Downscaling of Rainfall Fields Using a cGAN Approach 2023
CNNs, polarimetric radar, weather radar integration 5 Wtk Figure 159 AlAIE £4 23, BY 5+ M4
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Fig. 17. A graph showing the change in the frequency and proportion of papers corresponding to Topic 6 over the years, along

with a linear regression analysis.
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Table 7. A table of key papers corresponding to Topic 6.
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AT 14 (2018-20241

=5 FA4 F4)

Topic  Prob. Article Title Year
0.991 Hybrid wind speed forecasting using ICEEMDAN and transformer model with novel loss 2023
’ function
An efficient wind speed prediction method based on a deep neural network without future
0.990 . . 2023
information leakage
A new hybrid ensemble deep reinforcement learning model for wind speed short term
0.989 . 2020
forecasting
Ultra-short-term wind-speed bi-forecasting system via artificial intelligence and a double-
0.989 . 2021
forecasting scheme
0.989 Promoting wind energy for sustainable development by precise wind speed prediction based on 2022
Topic 6 graph neural networks
0.989  Short-term wind speed forecasting based on spatial-temporal graph transformer networks 2022
A novel combined model for wind speed prediction - Combination of linear model, shallow
0.988 . 2021
neural networks, and deep learning approaches
0.987 A Hybrid Model Based on A Modified Optimization Algorithm and An Artificial Intelligence 2018
' Algorithm for Short-Term Wind Speed Multi-Step Ahead Forecasting
Hybrid wind speed forecasting model based on multivariate data secondary decomposition
0.987 . . . . . 2021
approach and deep learning algorithm with attention mechanism
0.987 A novel wind speed prediction strategy based on Bi-LSTM, MOOFADA and transfer learning 2021
' for centralized control centers
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