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 There are numerous aspects of human life in which knowing how much rain 

to expect might be beneficial. Heavy rainfall events such as flash floods and 

landslides, as well as droughts, can be predicted with effective rainfall 

forecasting. Because of reliable weather forecasts, the infrastructure required 

to capture rainwater and cultivate crops may be planned ahead of time. A 

variety of machine learning (ML) and deep learning (DL) algorithms enable 

accurate weather forecasting. This work seeks to provide a full overview of 

the numerous ML algorithms used for rainfall prediction by focusing on the 

technique, input parameters, and several performance measures. The review 

consists of 51 works divided into three sections. It is found that long short-

term memory (LSTM), one of the DL algorithms, is mostly used by 

researchers for developing the model, but in recent years, ensemble learning 

and hybrid learning have also gained popularity among researchers as they 

give more accurate results. These methods need to be explored further. 
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1. INTRODUCTION 

The amount of rainfall on the planet is the source of fresh water and thus has a major impact on the 

survival of plants and animals. Floods [1] and landslides [2], [3] result from excessive precipitation, whereas 

droughts and crop failures [4] result from insufficient precipitation due to infrequent or non-existent rainfall. 

Both situations are unfortunate for the residents concerned. The World Bank (2023) reports that 70% of 

natural disasters are caused by hydrometeorological events that lead to global economic losses of USD 300 

billion annually. The unpredictable nature of monsoon patterns in India has resulted in agricultural losses of 

more than INR 30,000 crore annually, as per the reports of the Indian Meteorological Department (IMD) 

2022. These figures underscore the critical necessity for precise and prompt rainfall forecasting, as even 

minor inaccuracies in predictions can significantly affect food security, disaster mitigation, and water 

resource management. 

Conventional statistical and numerical models for rainfall prediction frequently encounter difficulties 

in accurately representing the nonlinear and highly dynamic characteristics of the rainfall processes. However, 

recent progress in machine learning (ML) and deep learning (DL) has enhanced prediction accuracy by 

extracting intricate spatial–temporal patterns directly from data. Numerous studies have utilized artificial 

neural networks (ANN), convolutional neural network (CNN), long short-term memory (LSTM), and hybrid 

ensemble architectures, yielding promising outcomes across various climatic regions. 

https://creativecommons.org/licenses/by-sa/4.0/
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Many existing reviews are either outdated or narrowly focused on specific model families or 

geographic areas, which results in a limited understanding of how current ML and DL models compare in 

terms of architecture, datasets, and evaluation metrics. This review seeks to bridge this gap by 

systematically investigating the recent progress in rainfall forecasting using ML and DL approaches.  

It presents: i) a comparative analysis of prominent models and algorithms, ii) a synthesis of performance 

metrics and methodological trends, and iii) identification of current challenges and research opportunities 

for creating robust, data-driven rainfall prediction systems. 

This review is structured around the following research questions:  

− Which ML and DL techniques, including ANN, CNN, recurrent neural network (RNN), LSTM, gated 

recurrent unit (GRU), and hybrid ensembles, have proven the most effective for predicting rainfall 

across different timeframes and geographical areas? 

− What types of input parameters, such as meteorological, hydrological, and satellite-derived features, are 

typically used, and how do they influence the performance of the models?  

− How do various performance metrics and comparative analyses highlight the strengths, weaknesses, and 

generalization abilities of different modeling strategies? 

This review aims to offer a thorough synthesis of the current methods, benchmark outcomes, and new trends 

that can inform the creation of more precise and adaptable rainfall forecasting systems. 
 

 

2. RESEARCH METHODOLOGY AND SYSTEMATIC LITERATURE REVIEW 

2.1.  Focus of review 

For each paper the focus is on the category of ML and DL technique used for developing the model, 

dataset parameters and source, and nature of the dataset (numeric/image). The focus also includes the time 

period and data frequency (daily, monthly) of the dataset collected, as well as the performance metrics used 

for comparing the accuracy of the model with other models. In addition, the focus is on the time period for 

which the prediction is done (very short, short, medium, long), and geographical area of the research. 
 

2.2.  Nature and source of input parameters used in the dataset 

The model uses a dataset that can be of either numeric or image type. RNN/LSTM models use 

numerical meteorological data, whereas CNN models use satellite image data. All authors used data from 

meteorological departments, weather stations, or open climate repositories. Researchers have examined both 

local (e.g., temperature, wind speed, humidity) and global factors e.g., El Nino, Indian Ocean Dipole (IOD), 

sea level pressure, that affect rainfall. 
 

2.3.  Search strategy and timeframe 

An extensive literature review was performed to locate studies concerning ML methodologies for 

predicting rainfall. To ensure thorough coverage of the existing literature, four principal scientific databases 

were queried using predetermined Boolean search expressions. Table 1 provides a summary of the databases 

searched along with the respective Boolean search strings.  
 

 

Table 1. Search strategy and keywords used for the systematic review 
Aspect Description 

Databases searched Google Scholar, ScienceDirect, IEEE Xplore, and Scopus 
Boolean query used (“rainfall forecasting” OR “rainfall prediction” OR” precipitation prediction”) AND (” machine 

learning” OR “deep learning” OR “neural networks” OR “ensemble learning” OR” hybrid model”) 

Supplementary keywords “Support vector machines”, “decision trees”, “time series analysis”, “weather forecasting”, 
“meteorology”, “remote sensing”, “data mining”, “big data”,” deep learning”, “climate change” 

Publication time period January 2019-April 2024 

Language and type Only peer-reviewed journals and conference papers in the English Language 
Purpose To identify original studies applying ML/DL/ensemble methods for rainfall prediction 

 

 

2.4.  Inclusion and exclusion criteria 

Predefined inclusion and exclusion criteria were established prior to the screening process to ensure 

the relevance and quality of the selected studies. These criteria were consistently applied during the screening 

stages of titles, abstracts, and full texts. The inclusion and exclusion criteria are detailed as follows: 

− Language: an English language abstract was required for the review. 

− Rainfall prediction criterion: only studies on rainfall prediction models using ML, DL, and ensemble 

learning were included. Predictions for rainfall runoff, wind speed, power load, and temperature  

were eliminated. 
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− Outcome criterion: studies that compared different models and algorithms for their prediction accuracy 

were included. This helps in a thorough understanding of the workflow of the models providing an idea 

of the best techniques to be used for prediction. 

− Original research: includes original research, skipping reviews, panel talks, and other studies. 

 

2.5.  Screening and PRISMA flow 

Studies were identified, screened and included in accordance with preferred reporting items for 

systematic reviews and meta-analyses (PRISMA) 2020 guidelines to ensure both transparency and 

reproducibility. Figure 1 provides a visual representation of the PRISMA-based selection process [5]. 

Initially, 190 records were gathered from Google Scholar, ScienceDirect, IEEE Xplore, and Scopus. After 

eliminating 50 duplicate entries, 140 papers remained. During the screening process, titles and abstracts were 

reviewed to determine their relevance to rainfall prediction using ML/DL methods; 40 records were 

dismissed because they were either unrelated or non-technical. The remaining 100 full-text articles  

were evaluated for eligibility. At the eligibility stage, 49 articles were excluded because of the absence of 

rainfall-specific analysis, missing performance metrics, or because they were reviews or conceptual papers. 

Ultimately, 51 studies met all criteria and were included in the study. 

 

 

 
 

Figure 1. PRISMA framework illustrating the selection process of the papers 

 

 

2.6.  Technique and algorithms used for the model development 

The LSTM, a form of RNN, was utilized for meteorological numeric data, and a CNN for image 

data (radar/satellite). Recent studies have used ensemble/hybrid models combining both image and numeric 

data to enhance accuracy. Big data and the internet of things (IoT) provide a wealth of data for DL models 

capable of capturing complex nonlinear patterns. 

 

2.7.  Determining model parameters 

Regional rainfall is affected by both local and global climatic factors such as temperature, humidity, 

sunshine, wind, El Niño, and IOD moment. Researchers use the covariance between parameters to determine 

the link between rainfall and other factors to train the model with only significant parameters. For instance, 

Lopez et al. [6] found a Clausius–Clapeyron relationship between atmospheric pressure, dewpoint, and 

humidity that predicted precipitation, whereas Pathan et al. [7] found that wind speed and minimum 

temperature are strong indicators of rainfall. 

 

2.8.  Data extraction and synthesis 

Data from each study were organized into categories such as the type of model used (ANN, CNN, 

RNN/LSTM, hybrid, ensemble), details about the dataset (source, duration, frequency, data type), 

performance indicators (root mean square error (RMSE), mean absolute error (MAE), coefficient of 

determination (R²), and accuracy), and the study's geographical focus and prediction timeframe. Narrative 

and thematic synthesis categorized the results based on the type of algorithm and the nature of the data. The 

quantitative findings are detailed in Tables 2 to 4, emphasizing comparative accuracy and trends. 
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Table 2. Summary of models developed for rainfall prediction using different neural networks 
Ref. NN used Type Other models for 

comparison 

Time period (dataset)/ 

dataset type/sources  

Performance metrics 

(value) 

Input 

parameters* 

[8] Temporal CNN Hybrid ARIMA, MLP, JMA 

ECMWF, BPNN, 

SVMLSTM 

2015-2017 (numeric) 11 

metrological stations 

TR (78.64, 76.12), MAE 

(1.81), MSE (4.94) 

T, RH, WS, 

SLP 

[9] RNN, LSTM NA Holt-winters 

extreme learning  

1980-2013 (34 years) 

Numeric 

RMSE, accuracy (88%), 

Epochs, loss, LR 

T, RH, WS, 

SR 

[10] RNN, LSTM NA NA August 2020 (numeric) 
BMD1 

Accuracy (76%) T, RH, WS, 
SLP 

[11] ANN (FFNN), 

MLP (PSO) 

Hybrid MLP 2009 (numeric) 

automatic weather 
station 

RMSEPSO (0.14) 

RMSELM (0.18) 

T, RH, WS 

[12] RNN BLSTM-

GRU  

Hybrid MLP, LSTM, 

BLSTM 

1997-2017 (numeric) 

NCHMDB2 

MSE (0.0075), MSE 

(0.87), R2 (0.87), Corr 
(0.938) 

T, RH, WS, 

SR, RF 

[13] ANN, EEMD-

ANN 

Hybrid Hindcast forecast 

model 

1871–2016 (numeric) 

IITM Pune and IMD  

R, MAE, NRMSE IA 

(Index of agreement) 

RF 

[14] CNN, Conv1D-

MLP 

Hybrid Deep MLR SVR 1941-2005(Numeric) 

IMD  

RMSE, r, NSE T, RH, WS, 

SR, SLP, 

RF 
[15] RNN, LSTM NA Comparison 

(different 

parameters) 

Dec 2014-Aug 2019 

(numeric) 

meteorological station 

MAAPE (0.9644) C(I), RF(II) 

[16] DNN, Conv3D-

GRU 

Hybrid Conv2D Conv2D-

GRU 

Rainy days (radar 

images) meteorological 

station 

MSE(2596), 

MAE(6790), B-MSE, B-

MAE 

IMG 

[17] RNN, LSTM NA FFNN RNN 1901-2017 (numeric) 

www.data.gov.in 

MAPE(79) 

RMSE(135.4) 

RF 

[18] RNN, LSTM NA ANN 1901-2017 (numeric) 
IMD Pune 

MSE, RMSE(126.006), 
MAD, R, CS 

RF 

[19] RNN, IRF-

LSTM 

Hybrid ANN, SVM, LSTM, 

CNN-GRU 

1981-2020 (numeric) 

state development 
planning 

NSE(23.56), 

RMSE(1.5), MAE(0.58), 
r(0.71) 

T, RH, WS, 

SR, RF 

[20] DNN, 

FMCGEP-DNN  

Hybrid MLP, BPNN SVM, 

Random forest 

1957-2018 (numeric) 

ISI3, RNMI4 and AWS5  

MSE, RMSE, MAE, R2 RF 

[21] RNN, GA-

OLSTM 

Hybrid LSTM 1901-2017 (numeric) 

IMD Pune 

MSE(0.004), 

RMSE(0.078), CS, R 

RF 

[22] CEEMD-
CMSE-stacking 

Hybrid CEEMD-LSTM 
stacking 

1960-2019(numeric) NA RMSE, MAE, R2 RF 

[23] RNN, RNN-GRU NA LSTM 1969-2021 (numeric) IMD RMSE(12.71), MAE(13.72) RF, T, WS 

[24] RNN, LSTM NA ARIMA, MLP, 
SVM 

1985-2017 (numeric) 
NMSA6 

RMSE, MSE, NSE, 
MAE, MAPE, R2 (99.72) 

T, RH, SR, 
WS, RF 

[25] LSTM, SVM-

BiLSTM 

Hybrid LSTM, BiLSTM 

SVM-LSTM 

1981-2020 (numeric) 

meteorological Bureau 

MSE, NSE, and MAE RF 

[26] KNN, XGB, 

SVR, ANN 

Stacking Model 

Ensemble Baseline models 1961-2019 (numeric) 

china meteorological 

data service centre 

RMSE, MAE, R2 C, SLP, 

WS, T, RH, 

SR 
[27] RNN-LSTM, 

Bi-LSTM, CNN 

Ensemble Baseline models 2015-2021 (numeric) 

IMD 

RMSE, MAE, MSE RF, RH, T 

[28] RNN, LSTM NA Random forest 1980-2020 (monthly) 

numeric meteorological 

stations 

RMSE, RSR, LMI, R2, 

NSE, Taylor and Violin 

diagrams 

RF 

[29] DNN, CNN-

LSTM 

Hybrid MIM TrajGRU 

ConvLSTM 

June-Oct 2018-19 

(numeric) weather stations 

CSI, FAR, POD and 

HSS 

RF 

[30] RNN, LSTM, 
PCA 

NA KNN, LogisticSVM, 
random forest, NB, 

NN 

2012-18 (numeric) 
BMD1 

Accuracy (97.14) T, RH, WS, 
SLP 

[31] DNN, 
ConvLSTM 

Hybrid NA May 2021 and Dec 2021 
Himawari real-time 

images site, JMA7 

SSIM, MSE Accuracy 
(0.990710min, 

.971730min0.920160min) 

IMG 

[32] RNN, LSTM NA NA 1901-2015 (numeric) 
IITM, Pune 

RMSE(58.46) for test 
data 

RF 

[33] RNN, 

CEEMDAN 
with LSTM 

Ensemble LSTM (EEMD, 

CEEMD, 
CEEMDAN) 

1951-2020 (numeric) 

China Meteorological 
Data Network 

MAPE, RMSE, R2 RF 

[34] DNN, DeepEns-

REM 

Ensem

ble 

SVR, DT boosting 

Random forest 

July-Dec 2016 (numeric, 

image) ITCP8 

CSI, FAR, POD, and 

MSE 

RF 

1Bangladesh Meteorological Department, 2National Center of Hydrology and Meteorology Department Bhutan, 3Indian Statistical Institute, 4Royal 

Netherlands Meteorological Institute, 5Australian Weather Station, 6National Meteorological Service Agency, 7Japan Meteorological Agency, 8Italian 

Department of Civil Protection. Parameter codes: T = temperature variables (e.g., Tmax, Tmin, mean temperature), RH = relative humidity/dew-point 

temperature, WS = Wind speed and/or wind direction, SR = Solar radiation/sunshine/longwave radiation/evapotranspiration, SLP = atmospheric or sea 

level pressure/geopotential height, RF = rainfall/precipitation/rainfall intensity, C = climate oscillation indices (e.g., El Niño, IOD, SOI, SHAM, WP 

patterns), IMG = radar or satellite image-based spatial inputs, PCA = principal component analysis used for dimensionality reduction. 
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2.9.  Bias and limitations 

Some potential biases include the limitation to English-language sources and four primary 

databases, inconsistent metric reporting across studies, and exclusion of unpublished or preprint work. Some 

relevant studies might have been left out due to these limitations, which could impact how broadly the review 

findings can be applied. Furthermore, the wide range of datasets, evaluation methods, and experimental 

setups used in the studies made it difficult to conduct direct quantitative comparisons. Nevertheless, this 

review highlights the most significant advancements in rainfall prediction from 2019 to 2024. 
 
 

3. RESULTS AND DISCUSSION 

This section presents the findings of the 51 studies reviewed. The models were assessed based on 

their architectures, input data, and performance metrics. A clear trend emerged, showing a preference for DL 

techniques, particularly LSTM, GRU, and hybrid/ensemble models, which generally outperform traditional 

ML and statistical methods owing to their ability to capture nonlinear and temporal patterns in rainfall data. 

A detailed comparison of the models used in the selected studies is provided in subsection 3.1. 
 

3.1.  Overall comparisons of machine learning/deep learning models 

Table 2 offers a comprehensive comparison of the ML and DL models utilized in the reviewed 

studies, detailing the model types, dataset features, and performance evaluation metrics. Table 2 illustrates 

that recurrent models, such as LSTM and GRU, excelled in handling time-series rainfall data, whereas CNN 

and convolutional long short-term memory (ConvLSTM) models were effective when working with spatial 

radar or satellite images. Hybrid and ensemble models typically achieve the highest accuracy by combining 

spatial and temporal feature representations. 
 

3.2.  Comparison of algorithms on same dataset 

Beyond the general model comparisons, numerous studies have specifically assessed various 

algorithms on identical datasets using the same performance metrics to identify the most effective model. 

Table 3 deals with comparisons done by researchers between various learning algorithms based on the same 

dataset and the same performance metrics in order to find the best one. As shown in Table 3, classifiers based 

on ensemble and boosting techniques, such as random forest, XGBoost, and CatBoost, typically surpass 

individual classifiers such as naïve Bayes, k-nearest neighbors (KNN), support vector machine (SVM), and 

decision trees (DT). This is because they can combine multiple decision boundaries and minimize variance. 

Nonetheless, when datasets display pronounced nonlinear temporal patterns, DL models like LSTM often 

deliver superior predictive accuracy compared with traditional ML methods. 
 

 

Table 3. Comparison of multiple learning algorithms evaluated on the same dataset 
Ref. Algorithm used Dataset used Performance metrics and conclusion 

[35] C5.0 (with and without SMOTE) Rainfall, SR, temp, humidity, 

evaporation, wind speed (2005-2017) 

Confusion matrix, improved accuracy 

when SMOTE is used  

[36] SVR-firefly model Rainfall (1990-2014) RMSE and NSE (better accuracy than 
SVR) 

[37] EMLRM, WA-SVM, ANN, and 

non-linear regression 

47 climate variables (mean values) RMSE, MAE, and R2, better performance 

with the MapReduce algorithm 
[38] DT model produced by J48  Min, max, and avg temp, avg humidity, 

rainfall, sun exposure time, max and avg 

wind speed (2013-2019) 

Accuracy: 77.8% (training data);  

86% (testing data) 

[39] Random forest and logistic 

regression 

2015-18 Confusion matrix, accuracy 

logistic regression 

[40] Naïve Bayes  Humidity, rainfall, wind speed, and 
precipitation 

Confusion matrix, accuracy, error rate 
NBC gives an accuracy of 95.91%  

[41] XGBoost  Min, max, and avg temp, avg humidity, 

rainfall, sun exposure time max, and avg 
wind speed (2013-2019) 

RMSE, MAE, XGBoost increases 

accuracy and reduces overfitting, and Avg 
humidity and min temp influence rainfall  

[42] MLR, random forest, and 

XGBoost 

Date, evaporation, sunshine, max and 

min temp, humidity, wind speed and 
rainfall (1999-2018) 

RMSE, MAE, and XGBoost 

[43] Cat boost classifier, perceptron  

classification algorithms 

23 parameters 

Nov 2007 - June 2017 

Accuracy, confusion matrix 

cat boost classifier accuracy= 81.36 
[44] Logistic reg linear DA quadratic 

DA, KNN, DT, gradient boosted 

trees, random forest bernoulli NB, 
and deepNN 

25 parameters 

2007-17 

precision, F1-score, and DL model 

(98.26%,88.61%) 

[45] Linear and lasso reg, ridge model, 

KNN, and random forest 

Rainfall 

1901-2015 

MAE, MSE, RMSE 

KNN, and random forest perform better 

[46] DT, KNN, and logistic regression max and min temp, wind speed, 

humidity, pressure, and cloud 

MAE, MSE, RMSE, KNN (84.183%), and 

DT (83.762%) 
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3.3.  Comparison of model architectures 

In addition to comparing algorithms, numerous studies have assessed various model architectures to 

identify the most effective method for rainfall prediction. Table 4 presents a comparison of different rainfall 

prediction models to determine the best model based on the performance metrics. Table 4 shows that the 

effectiveness of the rainfall prediction model depends on the network architecture. Recurrent DL models like 

LSTM, Stacked LSTM, and bidirectional long short-term memory (BiLSTM) outperform traditional ANN 

and RNN models by capturing long-term temporal dependencies in rainfall data. Models with memory gating 

mechanisms excel at handling sequential rainfall events during multi-step forecasting. Hybrid models 

combining LSTM with CNN or optimization components show improvements by integrating temporal and 

spatial learning. These findings show that successful rainfall prediction requires modeling complex temporal 

interactions rather than using static representations. 

 

 

Table 4. Comparison of different rainfall prediction model architectures 
Ref. Comparison done between Best one Performance metrics used 

[47] MLNPP (50 hidden and Tangent) and 
MLNPP (100 hidden and Sigmoid) 

MLNPP with 50 hidden 
neurons SCG-tangent  

MAE and RMSE 

[48] Echo state network (ESN) and deep ESN Deep ESN RMSE, NRMSE, and r 

[49] PSOANFIS, ANN, and SVM SVM R, MAE, POD, CSI, FAR, and robustness 
[50] ANN and LSTM LSTM MSE, RMSE, and MAE 

[51] BDTR, DFR, NNR, and BLR BDTR MAE, RMSE, RAE, RSE, and R2 
[52] NN, SVM, NB, random forest, and GA NN Accuracy= 96.44 

[53] Brazilian Atmospheric model,  

NN-TensorFlow, and NN-MPCA 

NN (other) and  

NN-MPCA (Spring) 

RMSE COV-covariance mean error (ME) 

[54] MLR, SVM, KNN, and random forest Random forest Accuracy (89.16), precision, and recall 

[55] MLR, KNN, SVM, ANN, DT, and 

random forest 

Random forest Accuracy (96.1), precision, recall, RMSE, 

Error, MAE, and F-measures 
[56] MLR, KNN, SVM, ANN, DT, and 

random forest 

Random forest Accuracy (96.1), confusion matrix, and ROC 

[57] KNN and DT DT Accuracy (93.13) 
[58] LSTM, stacked LSTM, BiLSTM, XGB, 

and ensemble  

Stacked LSTM and 

BiLSTM 

Loss, RMSE, and RMSEL 

 

 

3.4.  Time period for which the dataset is collected 

Dataset lengths in the reviewed studies ranged from months to over a century, with most spanning  

5-20 years to provide temporal diversity while minimizing historical data issues. Temporal resolution 

selection depends on forecasting goals: hourly data/daily data/weekly or monthly data for very short-term/ 

short/ medium-range rainfall intensity. Figure 2 shows the dataset duration distribution across studies. 

 

 

 
 

Figure 2. Distribution of the dataset time period 

 

 

3.5.  Frequency of input parameters used 

Choosing input parameters is crucial for effective rainfall prediction models, as these directly impact 

the learning process. In reviewed studies, key meteorological parameters were frequently used due to their 

strong correlation with rainfall. As shown in Figure 3, the most common inputs are rainfall, temperature, 

humidity, and wind speed, followed by solar radiation, pressure, cloud cover, and climate indices like ENSO 

and IOD. These indicate that both local and global climate conditions influence rainfall variability. 
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Figure 3. Word cloud representation of the most frequently used input parameters 

 

 

3.6.  Performance metrics used 

Performance metrics are essential for evaluating rainfall prediction models’ accuracy and stability. 

Figure 4 shows the frequency of common performance metrics. The RMSE is most widely used as it 

penalizes larger errors, while MAE is valued for interpretability. Correlation-based metrics like R² and 

Pearson correlation coefficient (r) evaluate prediction alignment with observed patterns. Classification-based 

studies use confusion matrix metrics, including accuracy, precision, recall, and F-measure. Hybrid 

forecasting used Nash–Sutcliffe efficiency (NSE) and mean absolute percentage error (MAPE). Figure 4 

shows the distribution, with RMSE and MAE as dominant indicators. 

 

 

 
 

Figure 4. Word cloud representation of different performance metrics used 

 

 

3.7.  Increasing use of ensemble learning for making prediction models 

Recent trends in rainfall prediction research have shifted towards hybrid and ensemble learning 

approaches. While individual models such as LSTM, CNN, or random forest capture specific patterns,  

hybrid frameworks combine the strengths of multiple algorithms to improve the prediction accuracy. 

Ensemble models such as stacking, boosting, and bagging reduce model variance by aggregating outputs, 

while hybrid DL architectures (e.g., CNN-LSTM, ConvLSTM, and GRU-LSTM combinations) integrate 

spatial and temporal learning. From 1990 to 2019, the number of papers on “ensemble learning” that  

were released in the core set of Web of Science has grown at a rapid pace [59]. Ganaie et al. [60] addressed 

the effectiveness of ensemble learning and the many strategies used to enhance it, including bagging, 

boosting, and heterogeneous ensembles. Figure 5 shows an increasing trend in using the hybrid model or 

ensemble model for prediction compared to earlier times. Recent studies have further reinforced this trend. 

Kanani et al. [61] introduced an ensemble method based on LSTM that greatly enhanced the accuracy of 

rainfall classification and regression. In a similar vein, Putra et al. [62] utilized multisensor data along with 

ensemble learning to improve high-resolution rainfall estimation, highlighting the increasing move towards 

hybrid and ensemble-based strategies. 
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Figure 5. Year-wise frequency of hybrid/ensemble or simple models used 

 

 

3.8.  Finding the best model 

The comparative analysis showed that recurrent DL architectures outperformed traditional ML 

methods in rainfall prediction. LSTM outperformed other recurrent network algorithms and could tackle 

complicated problems with substantial time lags [63]. Hybrid models, such as CNN-LSTM and ConvLSTM, 

enhance prediction by integrating temporal and spatial feature extraction, leading to robust predictions under 

varying conditions. Ensemble-based deep-learning frameworks that combine multiple architectures show 

improved generalization and reduced forecast uncertainty. These findings indicate that effective rainfall 

prediction models must capture temporal rainfall evolution and spatial climatic interactions. LSTM-based 

hybrid and ensemble models have emerged as strong candidates for operational forecasting owing to their 

stability and accuracy across meteorological contexts. 

 

3.9.  Finding the best algorithm 

Table 3 shows algorithm choice significantly impacts rainfall prediction accuracy. Classical 

algorithms like KNN, SVM, DT, and logistic regression perform adequately with limited data but struggle 

with complex atmospheric relationships. Random forest outperforms individual classifiers like naïve Bayes, 

multilayer perceptron (MLP), sequential minimal optimization (SMO), DT, KNN, and SVM by modeling 

nonlinear interactions [64]. Logistic regression surpassed random forest with linear relationships [39], while 

XGBoost showed higher accuracy, demonstrating boosted ensemble advantages [42]. For time-dependent 

rainfall, LSTM and GRU outperform classical models by retaining long-term temporal information through 

memory mechanisms. No algorithm consistently outperforms others across conditions. Selection should be 

based on dataset characteristics: ensemble methods suit nonlinear data, while LSTM models excel in  

time-series forecasting. 

 

 

4. CONCLUSION AND FUTURE WORK 

This review highlights significant algorithmic deficiencies and proposes future research paths in 

multi-modal, hybrid, and real-time rainfall forecasting. Accurate rainfall prediction is critical for mitigating 

extreme weather impacts such as floods, landslides, and droughts. Studies have shown that model 

performance improves through the careful selection of meteorological parameters, network architecture, and 

learning strategies. While DL models, particularly LSTM-based and hybrid frameworks, show superior 

capability in capturing rainfall patterns, refinement is required for reliability under variable conditions. Future 

research should focus on hybrid and fusion-based ensemble techniques, multi-source datasets, real-time 

predictions, and integration of physical climate models with DL for robust rainfall forecasting systems. 
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