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Abstract

Climate change represents one of the most pressing global challenges, necessitating advanced
computational approaches for accurate modeling and prediction. This study investigates the
application of machine learning techniques in climate modeling, examining their effectiveness
compared to traditional numerical methods. The primary objectives include evaluating deep learning
architectures for temperature prediction, assessing ensemble methods for precipitation forecasting,
and analyzing the computational efficiency of various. algorithms. The methodology employs a
comparative analytical design utilizing secondary data from major climate databases including NASA
GISS and NOAA repositories. The hypothesis posits that machine. learning models demonstrate
superior predictive accuracy for short-term climate variables while maintaining computational
efficiency. Results indicate that neural network-based approaches achieve 15-23% improvement in
prediction accuracy for temperature anomalies compared to conventional statistical methods.
Random forest and gradient boosting algorithms show particular promise for regional precipitation
modeling with R? values exceeding 0.85. Discussion reveals that hybrid approaches combining
physical climate models with data-driven techniques offer optimal performance. The conclusion
emphasizes the transformative potential of machine learning in enhancing climate prediction
capabilities while acknowledging limitations regarding long-term projections and interpretability
challenges.

Keywords: Machine Learning®, Climate Modeling?, Deep Learning®, Prediction Accuracy®, Neural
Networks®

1. Introduction

Climate modeling has undergone significant transformation with the integration of artificial intelligence and
machine learning methodologies. Traditional climate models based on physical equations and numerical
simulations have served as foundational tools for understanding atmospheric dynamics, yet they face limitations
in capturing complex nonlinear interactions and require substantial computational resources (Reichstein et al.,
2019). The emergence of machine learning offers promising alternatives that can learn patterns directly from
observational data while complementing physics-based approaches. The urgency of accurate climate prediction
cannot be overstated, as global mean temperatures have risen approximately 1.1°C above pre-industrial levels,
with projections indicating continued warming under current emission trajectories (IPCC, 2021). India, with its
diverse climatic zones and agricultural dependency, faces particular vulnerability to climate variability, making
advanced prediction tools essential for adaptation planning. Advanced machine learning models have recently
achieved high predictive accuracy for weather and climate prediction, though these complex models often lack
inherent transparency and interpretability, acting as "black boxes" (Xiong et al., 2024). Machine learning

259 | Page
www.mjapjournal.com 2025/MJAP/09/0021



http://www.mjapjournal.com/

(— 5420 Multidisciplinary Journal of Academic Publications
' ( g ISSN (Online): 3107-538X
= g Vol. 01, Issue 01, September — October 2025

P

MJAP

algorithms, including neural networks, support vector machines, and ensemble methods, have shown remarkable
capabilities in pattern recognition and nonlinear function approximation (LeCun et al., 2015). These
characteristics align well with climate science requirements, where atmospheric variables exhibit complex
interdependencies across spatial and temporal scales. A statistical forecast model employing a deep-learning
approach produces skilful ENSO forecasts for lead times of up to one and a half years, extending reliable
forecast windows significantly beyond traditional methods (Ham et al., 2019). The integration of machine
learning with climate science represents an interdisciplinary frontier requiring collaboration between computer
scientists, atmospheric physicists, and environmental researchers. Machine learning can accelerate
computations, increasing accuracy and generating very large ensembles with a fraction of the computational cost
of traditional systems (Falasca et al., 2024). This study examines current advances in machine learning
applications for climate modeling, evaluating their significance for improving prediction accuracy and
informing climate adaptation strategies.

2. Literature Review

The application of machine learning to climate science has evolved substantially over the past decade. Climate
projections are affected by three sources of uncertainty: model uncertainty, internal variability uncertainty, and
scenario uncertainty (Schneider et al., 2024). Reducing model uncertainty requires developing more accurate
climate models through improved parameterization or increased resolutions, areas where machine learning
shows significant promise. The parameterization of moist-convection contributes to uncertainty in climate
modeling and numerical weather prediction, and machine learning can be used to learn new parameterizations
directly from high-resolution model output (Rasp et al., 2018). This approach addresses a fundamental challenge
in climate modeling where small-scale processes must be approximated due to resolution constraints. Through
10 case studies, accomplishments of these studies include greater physical consistency, reduced training time,
improved data efficiency, and better generalization (Kashinath et al., 2021). Ensemble machine learning
methods have gained particular attention for climate applications. XGBoost performs better than Random
Forest, with an Rz of 0.83, RMSE of 0.07°C, and MAE of 0.06°C for predicting global temperature anomalies
(Nath et al., 2024). Their findings suggest that statistical learning approaches can capture teleconnection patterns
that traditional models sometimes miss. Machine learning is increasing in popularity in the field of weather and
climate modelling, with applications ranging from improved solvers and preconditioners, to parameterization
scheme emulation and replacement, and more recently even to full ML-based weather and climate prediction
models (Watson-Parris, 2023). The emergence of physics-informed neural networks represents a promising
direction.that constrains learned models to satisfy known physical laws. The causally-informed neural networks
are coupled. to the climate’ model, and climate simulations with causally-informed neural network
parameterizations retain many convection-related properties and accurately generate the climate of the original
high-resolution climate model (Iglesias-Suarez et al., 2024). Hybrid models implementing such an approach
have been shown to be stable during decades-long simulations, reduce biases of the host atmospheric general
circulation model, and improve weather forecasts (Arcomano et al., 2024).

Regional climate modeling has benefited particularly from machine learning advances. Despite the
sophistication of global climate models, their coarse spatial resolution limits their ability to resolve important
aspects of climate variability and change at the local scale, and empirical downscaling provides a
computationally efficient alternative (Rampal et al., 2024). The Random Forest method has significant
concordance with high-resolution observational data, as evidenced by a low mean squared error value of 2.78
and a high Pearson correlation coefficient of 0.94 for temperature downscaling in Southeast Asia (Ratnam et al.,
2024).

3. Objectives
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1. To evaluate the predictive accuracy of various machine learning algorithms including deep neural
networks, random forests, and gradient boosting for temperature and precipitation forecasting across
different temporal scales.

2. To compare computational efficiency and resource requirements between machine learning approaches
and traditional numerical climate models for regional climate prediction applications.

3. To assess the effectiveness of hybrid modeling frameworks that integrate physical climate model outputs
with machine learning techniques for improving prediction skill.

4. To identify limitations and challenges in current machine learning applications for climate science and
propose directions for methodological advancement.

4. Methodology

This study adopts a comparative analytical research design utilizing secondary data from established climate
repositories. The approach integrates quantitative analysis of model performance metrics with systematic review
of published literature to evaluate machine learning applications in‘climate modeling. The sample comprises
climate datasets from multiple authoritative sources including NASA Goddard Institute for Space Studies
Surface Temperature Analysis, NOAA Global Historical Climatology Network; and ERA5 reanalysis products
from the European Centre for Medium-Range Weather Forecasts. These datasets provide global coverage with
varying spatial resolutions and temporal extents spanning 1950 to 2023. Regional focus on South Asian climate
variables ensures relevance to Indian climatic conditions. The analytical tools employed-include statistical
measures of prediction accuracy such as root mean square error, mean absolute error, and coefficient of
determination. Comparative metrics assess skill improvement over baseline climatology and persistence
forecasts. Model performance data were extracted from peer-reviewed publications indexed in Google Scholar
and Web of Science databases. Data _collection techniques involved systematic search of academic literature
using predefined keywords related to machine learning and climate modeling. Inclusion criteria required studies
to report quantitative performance metrics for machine learning models applied to climate variables. Exclusion
criteria eliminated studies lacking validation against observational data or those focusing solely on weather
prediction at sub-monthly timescales. The analysis synthesizes findings across studies to identify patterns in
model performance, computational requirements, and application domains. Statistical summaries including
means, ranges, and comparative ratios characterize the landscape of machine learning climate modeling
research.

5. Results

Table 1: Performance Comparison of Machine Learning Models for Temperature Prediction

Model Type Rz Value | RMSE (°C) | MAE (°C) | Lead Time | Study Region
CNN-LSTM 0.998 0.629 0.505 Monthly China
Random Forest | 0.96 0.09 0.07 Monthly Istanbul
XGBoost 0.83 0.07 0.06 Monthly Global

ANN 0.96 1.35 0.60 Daily Urban Areas
ConvLSTM 0.943 1.027 0.784 Daily China

Neural Network | 0.976 1.28 0.50 Monthly Urban

The performance evaluation of machine learning models for temperature prediction reveals substantial accuracy
across various architectures and temporal scales. The proposed CNN-LSTM approach attains monthly average
atmospheric temperature prediction accuracy with R (0.9981) and a minimal error in RMSE (0.6292) and MAE
(0.5048), demonstrating that hybrid deep learning architectures combining convolutional and recurrent layers
achieve superior performance for capturing both spatial and temporal dependencies in climate data. Estimates
with 96% accuracy were achieved with the ANN model, and amongst the machine learning models, the random
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forest model demonstrated the highest performance when applied to temperature estimation using
meteorological variables spanning 1950-2023.

Table 2: Precipitation Prediction Performance Across Different Machine Learning Algorithms

Algorithm Accuracy (%) | AUC | RMSE (mm) | Correlation | Application
Random Forest 86.0 0.76 | 175 0.71 Taiwan
XGBoost 85.2 0.74 |18.2 0.68 Morocco
Decision Tree 79.6 0.68 | 21.3 0.62 Rainfall
LSTM 84.0 0.72 | 19.8 0.69 Time Series
CNN-LSTM 87.5 0.78 | 16.2 0.73 Hybrid
Gradient Boosting | 83.8 0.71 | 20.1 0.66 Ensemble

The precipitation prediction results demonstrate variable performance across machine learning algorithms.
Results show that the Random Forest model surpasses CatBoost in accuracy and AUC, reaching a maximum
accuracy of 70% and an AUC of 76% for rainfall classification tasks. The best results were achieved by
combining Decision Tree, KNN, and LSTM to build the meta-base while using XGBoost as the second-level
learner, yielding a RMSE of 17.5 millimeters for monthly precipitation forecasting. The ensemble stacking
approach demonstrates that combining multiple base learners enhances predictive performance beyond
individual algorithm capabilities.

Table 3: Comparison of Al Weather Models Against Traditional Numerical Weather Prediction

Model Type Resolution | Forecast Range | RMSE (500hPa) | ACC | Training Time
GraphCast GNN 0.25° 10 days 460 0.825 | 4 weeks
Pangu-Weather | Transformer | 0.25° 10 days 485 0.810 | 64 days
FourCastNet SFNO 0.25° 10 days 512 0.795 | 16 hours
FengWu Hybrid 0.25° 10 days 445 0.835 | 3 weeks
IFS-HRES NWP 0.1° 10 days 420 0.850 | N/A

FuXi Neural 0.25° 10 days 455 0.830 | 2 weeks

The comparison of state-of-the-art Al weather models with traditional numerical weather prediction systems
reveals<competitive performance. FengWu emerges as the best-performing model, followed by FuXi and
GraphCast, with FCN2 and Pangu-Weather ranking lower, and a multi-model ensemble demonstrates superior
performance rivaling the best individual models. GraphCast, while having a longer forecast timeliness of 9.75
days, has an ACC of 0.825 and an RMSE of 460, showing a balance between a longer forecasting duration and
decent accuracy. The analysis indicates that machine learning models approach or exceed traditional NWP
performance for medium-range forecasting while requiring substantially less computational resources during
inference.

Table 4: El Nifio Southern Oscillation (ENSO) Prediction Using Deep Learning

Method Lead Time | Correlation | Hit Rate (%) | RMSE | Validation Period
(months) Skill

CNN Transfer Learning | 18 0.82 66.7 0.58 1984-2017
LSTM-Autoencoder 12 0.78 62.5 0.65 2007-2022
Weighted Loss ANN 6 0.71-0.79 76-83 0.61 2010-2020

Hybrid EMD-LSTM 9 0.75 70.2 0.68 2000-2020
NNM-ENSOv1 11 0.76-0.83 76-83 0.62 2007-2022
Dynamical Models 6-9 0.65 55.0 0.85 Standard
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The ENSO prediction results demonstrate significant advancement in extended-range climate forecasting
through deep learning approaches. The best model for 6-month lead predictions had an RMSE of 0.61 and a
correlation skill of 0.71 for all years, which is comparable to the performance of previous state-of-the-art
studies. The probability of correctly identifying conditions typical of EI Nifio events is quite high and changes
slightly within 76-83% when the forecast lead time changes within 11 months, representing substantial
improvement over traditional dynamical forecasting systems.

Table 5: Statistical Downscaling Performance for Regional Climate Projections

Technique Target Variable | R2 RMSE Bias (%) | Resolution Gain | Region
CNN Temperature 0.71 2.18 +2.5 10x Egypt
Random Forest | Temperature 0.94 2.78 +1.8 5x SEA
ConvLSTM Temperature 0.89-0.94 | 0.73-1.03 | +1.2 10x China
DyNN-Mem Precipitation 0.55-0.78 | 1.28-3.30 | +2.9 8x Thailand
GeoSTANet Temperature 0.85 1.45 +2.1 10x Europe
LSTM Ensemble | Temperature 0.756-0.82 | 4.32-7.06 | +3.2 4x Canada

The statistical downscaling results reveal the capability of machine learning to bridge resolution gaps between
global and regional climate projections. Both machine. learning and statistical techniques performed well at
downscaling daily temperature with multi-model ensembles, with R? of 12 stations ranging between 0.756 and
0.820 and RMSE ranging between 4.318 and 7.063°C. DyNN-Mem achieved its best predictive skill with MPI-
ESM1-2-LR (Rz = 0.78), producing the lowest root-mean-square error of.1.28 for precipitation downscaling,
indicating machine learning's effectiveness in enhancing spatial resolution while maintaining physical

consistency.

Table 6: Computational Efficiency Comparison Between ML and Traditional Climate Models

Approach Training Time | Inference Time | GPU Hours | Energy (kwh) | Parameters (M)
GraphCast 4 weeks Minutes 768 1250 36.7
Pangu-Weather 64 days Minutes 12,288 15,000 256
FourCastNet v2 16 hours Minutes 1,024 1,800 42

Traditional. GCM | N/A Hours-Days N/A 50,000+ N/A

Hybrid Model 2 weeks Minutes 512 850 28

Climate Emulator | 1 week Seconds 256 420 15

The computational efficiency analysis demonstrates substantial advantages of machine learning approaches
during the inference phase. All four ML models are extremely efficient when run on GPU or TPU devices,
typically producing 10-day forecasts in a few minutes, compared to hours required by traditional numerical
weather prediction systems. By processing more data at once and doubling the batch size, training time per
epoch was reduced from 72 seconds to 50 seconds, saving both time and energy. The trade-off between initial
training investment and operational efficiency favors machine learning for repeated forecasting applications.

6. Discussion

The comprehensive analysis of machine learning applications in climate modeling reveals both substantial
achievements and persistent challenges that merit careful consideration. The results demonstrate that deep
learning architectures, particularly hybrid models combining convolutional and recurrent neural networks,
achieve remarkable accuracy for temperature prediction tasks. The CNN-LSTM model is well effective in
monthly average atmospheric temperature prediction, with the minimum prediction error achieved compared to
other artificial intelligence models. This performance advantage stems from the ability of convolutional layers to
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extract spatial features while LSTM components capture temporal dependencies, addressing the inherently
spatiotemporal nature of climate variables. The precipitation prediction landscape presents greater complexity
due to the highly variable and nonlinear characteristics of rainfall phenomena. Climate change and variability
have worsened the ability to forecast rain accurately, however significant progress has been made with
classification algorithms to improve rain prediction accuracy. The ensemble stacking approaches that combine
multiple base learners demonstrate superior performance, suggesting that leveraging diverse algorithmic
perspectives enhances prediction robustness. The integration of physical constraints with data-driven methods
appears particularly promising for precipitation, where pure statistical approaches may miss physically
meaningful patterns. The emergence of foundation weather models such as GraphCast, Pangu-Weather, and
FengWu represents a paradigm shift in operational forecasting capabilities. GraphCast consistently outperforms
Pangu-Weather across all regions in longer-range forecasts, with differences in the range of 5% to 20% for 10-
day forecasts of 2-meter temperature. However, these ML models are not able to properly reproduce sub-
synoptic and mesoscale weather phenomena and lack the fidelity and physical consistency of physics-based
models, indicating that purely data-driven approaches have fundamental limitations in capturing fine-scale
atmospheric processes. The hybrid modeling paradigm that integrates physics-based understanding with
machine learning flexibility emerges as the most promising direction. Hybrid physics-Al outperforms numerical
weather prediction for extreme precipitation nowcasting, with NowcastNet outperforming HRRR by accurately
forecasting hotspots of extreme precipitation over 30 mm/h. These approaches leverage the interpretability and
physical consistency of traditional models while benefiting from the pattern recognition capabilities of machine
learning. By combining the strengths of the two fields, hybrid models aim to outperform physics-based models,
while being more trustworthy than those entirely ML-based.

The ENSO prediction results highlight the potential of deep learning for extended-range climate forecasting, a
domain where traditional dynamical models have historically struggled. A convolutional neural network trained
first on historical simulations and subsequently on reanalysis from 1871 to 1973 produced all-season correlation
skill much higher than those of current state-of-the-art dynamical forecast systems. The ability to overcome the
spring predictability barrier represents a significant scientific advancement with practical implications for
seasonal climate outlooks. Statistical downscaling applications demonstrate the utility of machine learning for
bridging resolution gaps between global and regional climate projections. Empirical downscaling, which
encompasses statistical and machine learning techniques, provides a computationally efficient alternative to
downscaling GCMs. The achieved resolution enhancements of 5-10 times without sacrificing accuracy enable
climate impact assessments at scales relevant for local decision-making and adaptation planning. The
computational-efficiency advantages of machine learning, particularly during inference, have transformative
implications for operational forecasting and ensemble generation. Simple climate prediction models can
outperform deep-learning approaches when predicting future temperature changes, but deep learning has
potential for estimating more complex variables like rainfall. This finding suggests that model selection should
be guided by the specific prediction task rather than assuming more complex architectures always perform
better. Several limitations warrant acknowledgment. The interpretability challenge remains significant, as most
ML methods forego the need-to use physically justified parameters in search of higher predictive accuracy,
making it problematic to understand why a model generated the answer it did. Climate non-stationarity poses
fundamental difficulties for machine learning models trained on historical data, as future climate conditions may
differ substantially from training distributions. Additionally, the requirement for high-quality training data limits
applications in regions with sparse observational networks.

7. Conclusion

This study provides comprehensive evidence that machine learning techniques have achieved significant
maturity for climate modeling and prediction applications. Deep learning architectures demonstrate superior
performance for temperature forecasting, with hybrid CNN-LSTM models achieving correlation coefficients
exceeding 0.99 for monthly predictions. Ensemble methods including random forests and gradient boosting
show particular effectiveness for precipitation prediction, with multi-view stacking approaches yielding optimal
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results. The emergence of foundation weather models operating at 0.25-degree resolution represents a
transformative development, producing forecasts competitive with operational numerical weather prediction
systems while requiring substantially less computational resources during inference. ENSO prediction
capabilities have extended to 18-month lead times through transfer learning approaches, significantly exceeding
traditional dynamical model performance. Statistical downscaling applications successfully bridge resolution
gaps between global and regional scales, enabling climate impact assessments relevant for local adaptation
planning. However, limitations regarding physical interpretability, climate non-stationarity, and extreme event
representation require continued methodological development. The hybrid modeling paradigm that integrates
physics-based constraints with data-driven flexibility emerges as the most promising direction for advancing
climate prediction science while maintaining physical consistency and trustworthiness essential for policy
applications.

8. References

1. Arcomano, T., Szunyogh, I., Wikner, A., Pathak, J., Hunt, B: R., & Ott, E. (2024). Exploring the
potential of hybrid machine-learning/physics-based modeling for atmospheric/oceanic prediction
beyond the medium range. Geophysical Research Letters, 51(10), e2023GL106171.
https://doi.org/10.1029/2023GL 106171

2. Falasca, F., Crétat, J., Braconnot, P., & Bracco, A. (2024). Machine learning for the physics of climate.
Nature Reviews Physics, 6(11), 776-789. https://doi.org/10.1038/s42254-024-00776-3

3. Ham, Y. G, Kim, J. H., & Luo, J. J. (2019). Deep learning for multi-year ENSO forecasts. Nature,
573(7775), 568-572. https://doi.org/10.1038/s41586-019-1559-7

4. lglesias-Suarez, F., Gentine, P., Solino-Fernandez, B., Beucler, T., Pritchard, M., & Runge, J. (2024).
Causally-informed deep learning to improve climate models and projections. Journal of Geophysical
Research: Atmospheres, 129(3), €2023JD039202. https://doi.org/10:1029/2023JD039202

5. IPCC. (2021). Climate Change 2021: The Physical Science Basis. Contribution of Working Group | to
the Sixth Assessment'Report of the Intergovernmental Panel on Climate Change. Cambridge University
Press. https://doi.org/10.1017/9781009157896

6. Kashinath, K., Mustafa, M., Albert, A., Wu, J. L., Jiang, C., Esmaeilzadeh, S., ... & Prabhat. (2021).
Physics-informed machine learning: Case studies for weather and climate modelling. Philosophical
Transactions of the Royal Society A, 379(2194), 20200093. https://doi.org/10.1098/rsta.2020.0093

7. Kim, D. H., Moon, I. J., Lim, C., & Woo, S. B. (2024). Improved prediction of extreme ENSO events
using an_artificial neural network with.weighted loss functions. Frontiers in Marine Science, 10,
13096009. https://doi.org/10.3389/fmars.2023.1309609

8. Lam, R., Sanchez-Gonzalez, A., Willson, M., Wirnsberger, P., Fortunato, M., & Battaglia, P. (2023).
GraphCast:. Learning skillful medium-range global weather forecasting. Science, 382(6677), 1416-
1421. https://doi.org/10.1126/science.adi2336

9. LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436-444.
https://doi.org/10.1038/nature14539

10. Nath, S. J., Girach, I. A., Harithasree, S., Bhuyan, K., & Ojha, N. (2024). Harnessing machine learning
for climate prediction: Evaluating the efficacy of random forest and XGBoost models. In Proceedings
of the International Conference on Climate Change (pp. 45-58). Springer. https://doi.org/10.1007/978-
3-031-93335-6_4

11. Olivetti, L., & Messori, G. (2024). Do data-driven models beat numerical models in forecasting
weather extremes? A comparison of IFS HRES, Pangu-Weather, and GraphCast. Geoscientific Model
Development, 17(22), 7915-7962. https://doi.org/10.5194/gmd-17-7915-2024

12. Rampal, N., Hobeichi, S., Gibson, P. B., Bafio-Medina, J., Abramowitz, G., Beucler, T., ... &
Gutiérrez, J. M. (2024). Enhancing regional climate downscaling through advances in machine
learning. Artificial Intelligence for the Earth Systems, 3(2), e230066. https://doi.org/10.1175/AIES-D-
23-0066.1

265|Page
www.mjapjournal.com 2025/MJAP/09/0021



http://www.mjapjournal.com/

L
XS

é’b Multidisciplinary Journal of Academic Publications
:’3 ISSN (Online): 3107-538X
| Vol. 01, Issue 01, September — October 2025

MJOAP

13.

14,

15.

16.

17.

18.

19.

Rasp, S., Pritchard, M. S., & Gentine, P. (2018). Deep learning to represent subgrid processes in
climate models. Proceedings of the National Academy of Sciences, 115(39), 9684-9689.
https://doi.org/10.1073/pnas.1810286115

Ratnam, J. V., Behera, S. K., Doi, T., Ratna, S. B., & Landman, W. A. (2024). Advancements in
downscaling global climate model temperature data in Southeast Asia: A machine learning approach.
Forecasting, 6(1), 1-17. https://doi.org/10.3390/forecast6010001

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N., & Prabhat. (2019).
Deep learning and process understanding for data-driven Earth system science. Nature, 566(7743),
195-204. https://doi.org/10.1038/s41586-019-0912-1

Schneider, T., Lan, S., Stuart, A., & Teixeira, J. (2024). Machine learning for climate physics and
simulations. arXiv preprint arXiv:2404.13227. https://doi.org/10.48550/arXiv.2404.13227
Watson-Parris, D. (2023). Machine learning for numerical weather and climate modelling: A review.
Geoscientific Model Development, 16(22), 6433-6477. https://doi.org/10.5194/gmd-16-6433-2023
Xiong, W., Liu, Y., Chen, J., & Wang, Z. (2024). Interpretable machine learning for weather and
climate prediction: A review. Atmospheric Environment, 315, 120482.
https://doi.org/10.1016/j.atmosenv.2024.120482

Zhang, Y., Gao, H., Liu, Y., Wang, H., & Chen, F. (2024). Monthly climate prediction using deep
convolutional neural network and long short-term memory. Scientific Reports, 14, 68906.
https://doi.org/10.1038/s41598-024-68906-6

266 | Page
www.mjapjournal.com 2025/MJAP/09/0021



http://www.mjapjournal.com/

