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सार — मौसम का परू्ाानमुान लगाना एक महत्र्परू्ा और चनुौतीपरू्ा कार्ा है क्र्ोंकक अधिकाांश र्ार्मुांडलीर् और 

कृषि क्षेत्र दैननक मौसम के उतार-चढार् पर ननर्ार करते हैं। र्िाा षर्भर्न्न जलर्ार् ुस्थिनतर्ों पर ननर्ार सबसे महत्र्परू्ा 
मापदांडों में से एक है।  हमने 1901 से 2020 तक जनू, जलुाई, अगथत और भसतांबर (JJAS) के महीनों में उत्तर प्रदेश 
के प्रमखु शहरों के भलए र्िाा का परू्ाानमुान लगाने के भलए रैंडम फ़ॉरेथट (RF) और ल़ॉन्ग श़ॉटा-टमा मेमोरी (LSTM) 
न्र्रूल नेटर्का  म़ॉडलों का उपर्ोग ककर्ा। हमने परू्ाानमुान की गुर्र्त्ता का आकलन करने के भलए सहसांबांि गरु्ाांक 
(CC), रूट मीन थक्र्ार्र त्रटुट (RMSE), और माध्र् ननरपेक्ष त्रटुट (MAE) जसेै षर्भर्न्न साांस्यर्कीर् सूचकाांकों का 
उपर्ोग ककर्ा। जसैा कक ऊपर उल्लेख ककर्ा गर्ा है, र्िाा का परू्ाानमुान लगाने के भलए कई जलर्ार् ुसूचकाांकों का 
उपर्ोग र्षर्ष्र्र्क्ता (Predictors) के रूप में ककर्ा गर्ा िा।  इन सचूकाांकों में उत्तरी अटलाांटटक समुद्री सतह का 
तापमान, नीनो 3.4, र्ूमध्र्रेखीर् दक्षक्षर्-परू्ी टहांद महासागर और 12 के अांतराल मूल्र् (Lag value) पर र्िाा शाभमल 
हैं। र्िाा का परू्ाानमुान एक पे्रडडस्क्टर् न्र्रूल नेटर्का  म़ॉडल का उपर्ोग करता है, और आउटपटु की तुलना परू्ाानमुाननत 
अर्धि के भलए र्ाथतषर्क समर् में देखे गए र्िाा के आांकडों से की जाती है। जाांच से पता चला कक LSTM ने आम तौर 
पर RF की तुलना में बेहतर प्रदशान ककर्ा। उत्पन्न आउटपटु आशाजनक है और इस प्रकार के अनपु्रर्ोगों में व्र्ापक रूप 
से षर्थताररत ककर्ा जा सकता है। 

 

ABSTRACT. Weather forecasting is an important and challenging attribute to predict because most atmospheric 
and agricultural fields depend on day-to-day weather fluctuations. Rainfall is one of the most important parameters 

dependent on various climatic conditions. We used the Random Forest (RF) and Long Short-Term Memory (LSTM) 

Neural Network models to predict rainfall for the major cities of Uttar Pradesh in the months of June, July, August, and 
September (JJAS) from 1901 to 2020. We used various statistical indices like the correlation coefficient (CC), Root Mean 

Square Error (RMSE), and Mean Absolute Error (MAE) to assess the quality of the forecast. Several climate indices were 

used as predictors to forecast rainfall as mentioned above. These indices include the North Atlantic Sea Surface 
Temperature, Nino 3.4, Equatorial south-east Indian Sea, and rainfall at a lag value of 12. The prediction of rainfall 

utilizes a predictive neural network model, and the output is compared to real-time observed rainfall data for the 

forecasted period. The investigation revealed that the LSTM generally performed better compared to the RF. The 

generated output is promising and can be widely extended in this type of application. 
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1. Introduction 

 

Rainfall poses a challenge within the climatic system 

and is difficult to predict. However, it directly influences 

Earth's ecosystems, water resources, and agricultural 

production. India, with its agrarian economy, heavily 

relies on the behavior of Indian summer monsoon rainfall 

(ISMR) from June to September. It is a well-known fact 

that approximately 65% of India's cultivated land depends 

on agriculture (Swaminathan, 1998). Therefore, timely 

and accurate prediction is crucial not only for the 

scientific community but also for society. For over a 

century, the India Meteorological Department (IMD) has 

provided long-range forecasts of seasonal mean rainfall 

over India, with varying degrees of success (Rajeevan 

2001; Gadgilet al., 2005; DelSole and Shukla, 2012). 
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IMD also utilizes Coupled General Circulation 

Models (CGCMs) for dynamical prediction of ISMR. 

However, leading forecasting centers in India and abroad 

have shown systematic biases in the prediction of the 

Asian summer monsoon on various time scales (Kim et 

al., 2013; Liu et al., 2012; Sharmila et al., 2013; Sahaiet 

al., 2013; Goswamiet al., 2014; Krishnamurthy, 2017, 

2018; Shahiet al., 2018, 2021), including CMIP runs 

(Ramesh and Goswami, 2014). The forecast skill for 

South Asian summer monsoon prediction has further 

decreased in recent years due to the models' inability to 

capture recent teleconnection patterns in the Pacific Ocean 

(Wang et al., 2015). Hence, accurately predicting the 

monsoon on various time scales remains a challenge for 

the scientific community. 

 

Artificial Neural Networks (ANNs) have been 

extensively used in recent years for non-linear function 

approximation and modeling of complex, dynamical 

phenomena (Hertz et al., 1991; Masters, 1993; Hung et 

al., 2008; Hossainet al., 2020). ANNs are particularly 

useful in disciplines where intrinsic non-linearity in 

dynamics hinders the development of solvable models. 

Elsner and Tsonis (1992, 1993) demonstrated that multi-

layer feed-forward (FF) neural networks outperformed 

linear statistical models when dealing with chaotic and 

random noise systems. In the context of ISMR prediction, 

Goswami and Srividya (1996) used a time series 

approach, while Venkatesanet al. (1997) utilized a 

predictors approach using teleconnection parameters. 

Navone and Ceccatto (1994) employed both approaches 

and proposed a hybrid model. 

 

In recent years, Machine Learning (ML) and Deep 

Learning (DL) approaches have been widely used by 

researchers for ISMR prediction (Sahaiet al., 2000; Aksoy 

and Dahamshe, 2008). Venkatesanet al. (1997) 

demonstrated that neural networks outperformed a linear 

model in predicting ISMR. The ML has also been 

successfully employed in creating early warning systems 

for predicting short-term heavy rainfall (Moon et al., 

2019). Comparisons between linear regression, neural 

networks, and support vector machines for predicting 

surface wind predictors have shown improvements with 

non-linear prediction methods (Mao and Monahan, 2018). 

The DL approaches have also shown potential in reducing 

the uncertainty of weather forecasts compared to 

traditional artificial neural network methods 

(Scher&Messori, 2018). 

 
The DL approaches are commonly used for accurate 

reproduction of nonlinear systems, capturing noise 

complexity in datasets, thus enhancing the prediction of 

non-linear systems. Long Short-Term Memory (LSTM) 

and Random Forest (RF) are widely used learning-based 

methodologies for rainfall prediction (Zhang et al., 2018). 

LSTM, an improved Recurrent Neural Network (RNN) 

architecture (Poornima et al., 2019), excels at modeling 

time-series data and predicting future values (Hochreiteret 

al., 2001). 
 

The Models have been developed by combining 

wavelet packet decomposition, ML, ANN, and SVM 

models to predict daily river stage and analyze their 

performance metrics (Seoet al., 2016). RF and Support 

Vector Machine predictive machine learning models have 

incorporated hyperspectral reflectance vegetation indices 

and day of the year predictors to estimate predawn leaf 

water potential for determining water stress in grapevines 

(Pôçaset al., 2017). Regression analysis, a statistical 

method used to establish relationships between dependent 

and independent variables, has been employed in ML 

algorithms for groundwater quality parameter prediction 

(Ewaidet al., 2018). Spectral indices, multivariate 

approaches, and neural network techniques have been 

used to predict the relative water content, a water stress 

indicator, under water deficit stress conditions of rice 

genotypes (Krishna et al., 2019). ML techniques, 

including sea surface pressure and North Central Pacific 

zonal wind, have shown better results than ANN models 

for predicting ISMR (Acharyaet al., 2019). Previous 

values of the same variable have been utilized in ANN 

models to predict ISMR with a reasonable level of 

accuracy (Sahaiet al., 2000). For forecasting rainfall in 

Gorakhpur, Lucknow, Varanasi, Prayagraj, and Kanpur 

cities in Uttar Pradesh, India, various DL techniques have 

been employed. These cities have dense populations, and 

the region's economy depends on agriculture, which relies 

entirely on summer monsoon rainfall. Previous studies 

have used statistical & dynamic techniques, including 

neural networks built using ML techniques, to predict 

precipitation. However, other ML techniques can also be 

utilized for precipitation prediction, potentially yielding 

better results. This paper proposes an improved ML model 

using LSTM for prediction & analysis, comparing the 

results with a testing dataset of rainfall. The accuracy of 

both ML approaches is analyzed by comparing the 

proposed LSTM model with the RF model. Predictors 

such as sea surface temperature from appropriate regions 

of the Indian, Pacific & Atlantic Oceans are considered 

which will be explained in the section 2.1 of the present 

paper. 
 

2. Data and methodology 
 

2.1. Dataset 
 

The objective of the present study is to                  

estimate the accumulated rainfall during                           

June - September at five citiesof Uttar Pradesh.                      

We have taken the rainfall gridded data
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Fig. 1.Flow Chart of the Long Short Term Memory (LSTM) Machine Learning Model 

 

of IMD (Paiet al., 2014). These are daily datasets on a 

spatial resolution of 0.25° x 0.25°, which were converted 

to monthly data during the time domain of 1901–2020. 

Thereafter, we interpolated the data at the grid points 

mentioned within brackets for the five cities of Uttar 

Pradesh state in India, namely Lucknow (26.8°N; 80.9°E), 

Allahabad (25.4°N; 81.8°E), Kanpur (26.4°N; 80.3°E), 

Gorakhpur (26.7°N; 83.3°E), and Varanasi (25.3°N; 

82.9°E). The dataset is separated into two parts for 

applying the ML technique: (a) a training dataset for the 

period 1901–2000, and (b) a test dataset for the period 

2001–2020.The monthly sea surface temperature (SST) 

data on a 1° x 1° resolution was used from the Hadley 

Centre SST dataset (HadSST2) (Rayner et al., 2006) to 

compute various indices. We computed anomalies of the 

SST data to compute the North Atlantic Sea Surface 

Temperature index by taking the area average over the 

region 20°N-30°N, 100°W-80°W (Rayneret al., 2006). 

Similarly, the Nino 3.4 index (5°S-5°N, 170°W-120°W) 

(Rayneret al., 2006) and Equatorial south-east Indian SST 

(20°S-10°S, 100°E-120°E) (Rayneret al., 2006) were 

computed by taking area-averaged values over the regions 

mentioned in the brackets. 

 

2.2. Long Short Term Memory (LSTM) 

 

ANN is composed of nonlinear computational 

components that run in parallel and are structured 

similarly to real neurons. To complete the learning process 

in the neural network, a large number of neurons are 

connected together (Lee et al., 2006). The work performed 

by hidden units or neurons is not visible to the users. A 

fully connected network is one in which every node of 

ANN architecture is connected to every node of the other 

layers (Haykin, 2009; Aggarwal, 2018). We have used an 

RNN model, which is similar to the ANN model, but the 

RNN consists of a Multi-Layer Perceptron (MLP) with an 

added loop (Hochreiteret al., 1997). The RNN networkhas 

the power of the nonlinear mapping capabilities of the 

multilayer perceptron, and it serves as a form of memory
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Fig. 2.Heat map of correlations between Predictors and Rainfall 

 

(Mandicet al., 2001a, 2001b). This design replaces the 

traditional hidden layer mode with memory cells 

(Jozefowiczet al., 2015). The memory cells can store, 

compose, and read information through logical gates, 

similar to how information is stored in system memory 

(Zhao et al., 2017).LSTM is a nonlinear model that has 

been used to forecast sequence patterns in music and text. 

Additionally, LSTM can be trained to recognize patterns 

in sequential data with careful handling and anticipation 

of what comes next (Graves et al., 2009). Unlike RNN, 

LSTM contains special units called memory blocks in the 

recurrent hidden layer. The memory blocks include unique 

multiplicative units called gates to regulate the 

information flow, as well as memory cells with self-

connections that store the network's temporal state. The 

mathematical equation of the LSTM model is given as 

(Hochreiteret al., 1997): 

 

( )1 1   tt xt hi t ci itW x hi W W c b − −= + ++
             (1)

       

( )1 1   tt xf hf t cf ftf W x h bW cW − −= + ++
 (2)

      

( )1 1tanh i  t t xc hc t tt c tWc W x h b f c− −+= + +
    (3)

      

( )1   t xo ho t co tt oo W x h c bW W −= + + +
    (4)

       

( )ta h o n tt th c=
                                                (5) 

In equations 1 to 5, i, o, f, and c represent the input, 

output, forget, and cell gates, respectively, and σ is the 

tanh activation function, which has the same size as the 

hidden vector. The weight matrices are denoted by W, 

while the cell input gate matrix is denoted by Wci. In the 

memory cell, the flow of input activation is controlled by 

the input gate, and in the rest of the network, the output 

gate handles the flow of cell activations. The internal state 

of the cell is scaled by the forget gate before being added 

as input through the cell's self-recurrent link, which 

adaptively forgets or clears the cell's memory. LSTM 

architecture also includes peephole connections from the 

interior cells to the gates in the current implementation. 

 
2.3. Random forest (RF) 

 
Random Forest (RF) is a machine learning technique 

that fits a number of decision trees on various subsets of 

the dataset to improve predictive accuracy and control 

over-fitting (Breiman. 2001). A tree can be "computed" by 

dividing the training dataset into subsets based on attribute 

value tests, and each internal node represents a test on a 

feature resulting from the division of the current sample 

(Breiman, 2001; Liawet al., 2002). At each step, the 

method selects the feature and a threshold value that 

maximizes a given metric. Different metrics exist for 

regression trees, which are quantitative in nature, and 

classification trees, where the output is qualitative (Abdel-

Rahmanet al., 2013). The recursion is completed when the 

subset at a node has the same value as the output variable 

or when no further division improves the predictions. This 
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general method is employed by many recursive 

partitioning tree algorithms (James et al., 2014). 

 

2.4.  Measure the performance of Model 

 

This study uses different statistical indices (such as 

root mean square error; RMSE, correlation coefficient; 

CC and mean absolute error; MAE to examine model 

potential. 

 

𝑅𝑀𝑆𝐸 = ∑
(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝑎𝑐𝑡𝑢𝑎𝑙)2

𝑛

𝑛
𝑖=1     (6) 

 

1

| |
n

tt
tMAE

n

predicted actual
=

−

=


                         (7) 

 

1

2 2

1 1

( )( )_ _

( ) ( )_ _

n

t t t t
t

n n

t t

CC

t t t t

actual mean predicted predicted meanactual

actual mean predicted predicted meanactual

=

= =

− −

=


− − 

                                                                                         (8) 

 

where n is a number of dataset. 

 

3. Results and discussion 

 

In this paper, we used a rainfall dataset from 

Allahabad, Kanpur, Varanasi, Lucknow, and Gorakhpur, 

which are five major cities in central India. We employed 

Random Forest (RF) and Long Short-Term Memory 

(LSTM) machine learning techniques to predict rainfall in 

these cities during the period from 1901 to 2020. The 

entire dataset has been divided into training and testing 

datasets for each of the mentioned cities. We used the 

training dataset from 1901 to 2000 and the test dataset 

from 2001 to 2020, on a monthly time period, for the 

proposed RF and LSTM models. We included input 

features, namely the North Atlantic SST, NINO3.4 index, 

and Equatorial south-east SST, which are defined in 

section 2.1 above. These five meteorological stations' 

rainfall variability is predicted using a variation of 

climatic indices in the SST parameters of the Indian, 

Pacific, and Atlantic Oceans. The lagged values of these 

indices have been used as potential predictors to create the 

dataset. The lagged rainfall data from t-1 to t-12 is added 

an input features, where t represents the current month 

value. To increase the correlation between the Nino index 

and rainfall, we used a time lag value of eight months for 

the Nino 3.4 index with respect to rainfall. The same input 

variable and its associated output variable from the 

rainfall dataset are used in both the RF and LSTM models. 

In Fig. 1 illustrates the workflow of the LSTM-based 

rainfall prediction model developed using monthly 

dataset. The dataset includes rainfall observations from 

five major cities in Uttar Pradesh along with key oceanic 

predictors such as the lagged NINO3.4 index (8-month 

lag), Equatorial South-East SST, and North Atlantic SST. 

In the preprocessing stage, the data is normalized and split 

into training (1901–2000) and testing (2001–2020) 

periods. The model input consists of a sequential time 

series that includes 12 months of lagged rainfall data and 

the selected climatic indices. These sequences are fed into 

an LSTM network config.d with 50 units, using the tanh 

activation function, mean squared error as the loss 

function, a batch size of 12, and 100 training epochs. The 

LSTM’s output is passed through a dense layer to produce 

rainfall predictions, which are then compared with actual 

observations for evaluation. This framework leverages the 

LSTM model’s ability to capture long-term dependencies 

in sequential data, making it suitable for modeling the 

delayed and nonlinear influences of ocean-atmosphere 

interactions on regional rainfall. The interrelation between 

predictors and rainfall was initially assessed using linear 

correlation analysis, as shown in Fig. 2, to detect 

statistically significant associations between lagged sea 

surface temperature (SST) indices and monthly rainfall 

across five key cities in Uttar Pradesh. This correlation 

matrix served as a preliminary feature screening tool, 

allowing us to identify predictors with meaningful linear 

associations that are also physically interpretable within 

the monsoonal context—such as the positive link between 

North Atlantic SST and rainfall, and the negative 

correlation with the lagged NINO3.4 index. While linear 

correlation does not capture nonlinear or complex 

temporal dynamics, its use at this stage helps in 

dimensionality reduction and strengthens the physical 

justification for feature inclusion. The correlation table in 

Fig. 2 highlights key physical relationships between 

oceanic SST indices and rainfall over five major cities in 

Uttar Pradesh, reflecting how large-scale ocean-

atmosphere interactions influence regional precipitation. 

The strong negative correlation between the Equatorial SE 

SST and the North Atlantic SST (r = –0.85) suggests a 

compensatory thermal relationship between these ocean 

basins, which can influence global circulation patterns 

such as the Walker and Hadley cells. The positive 

correlation between the North Atlantic SST and rainfall (r 

≈ 0.62–0.68) indicates that warmer Atlantic SSTs enhance 

evaporation and contribute to increased atmospheric 

moisture, which is transported toward the                           

Indian subcontinent by monsoonal low-level jets, 

enhancing rainfall (Saha et al., 1981). Conversely,                    

the NINO3.4 index, particularly with an eight month                

lag, exhibits a weak to moderate negative correlation              

with rainfall (r ≈ –0.23 to –0.28), consistent with                       

the delayed suppressive effects of El Niño events.               

These events weaken the Indian monsoon                        

through anomalous subsidence and altered                 

convection patterns. The negative correlation between the 
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Figs. 3(a-e). Rainfall dataset of Varanasi city during 2001-2020 in JJAS months for (a) Observed (b) Predicted using RF model 

(c) Predicted using LSTM model (d) Observed vs. predicted scattered plot for RF model and (e) Observed vs. 
predicted scattered plot for the LSTM model 

(a) 

(c) 

(b) 

(d) (e) 
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Figs. 4(a-e).Rainfall dataset of Lucknow city during 2001-2020 in JJAS months for (a) Observed (b) Predicted using RF model 

(c) Predicted using LSTM model (d) Observed vs. predicted scattered plot for RF model and (e) Observed vs. 

predicted scattered plot for  the LSTM model 

 

(a) 

(b) 

(c) 

(d) (e) 
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 Figs.5 (a-e). Rainfall dataset of Kanpur city during 2001-2020 in JJAS months for (a) Observed (b) Predicted using RF model (c) 

Predicted using LSTM model (d) Observed vs. predicted scattered plot for RF model and (e) Observed vs. predicted 

scattered plot for  the LSTM model 

 

(a) 

(b) 

(c) 

(d) (e) 
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Figs. 6(a-e). Rainfall dataset of Gorakhpur city during 2001-2020 in JJAS months for (a) Observed (b) Predicted using RF model (c) 

Predicted using LSTM model (d) Observed vs. predicted scattered plot for RF model and (e) Observed vs. predicted 

scattered plot for the LSTM model 

(a) 

(b) 

(c) 

(d) (e) 
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Figs. 7(a-e).Rainfalldataset of Prayagraj city during 2001-2020 in JJAS months for (a) Observed (b) Predicted using RF model (c) 

Predicted using LSTM model (d) Observed vs. predicted scattered plot for RF model and (e) Observed vs. predicted 

scattered plot for  the LSTM model 

 

(a) 

(b) 

(c) 

(d) (e) 
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Equatorial SE SST and rainfall (r ≈ –0.60) further 

supports this, as warm anomalies in this region may 

disrupt zonal wind patterns at 850 hPa and shift 

convective zones eastward, thereby reducing moisture 

convergence over India (Acharya et al., 2019). These 

physically consistent correlations justify the selection of 

these predictors and validate their relevance in driving the 

variability of rainfall in the study region. 

 

The graph between the actual and predicted data for 

Varanasi city is shown in Fig. 3. Both the RF and LSTM 

models accurately predicted the results for the test dataset 

for the JJAS season from 2001 to 2020 (Fig. 3.b and 3.c). 

The performance of the RF model was inferior to the 

LSTM model in some months. Fig. 3b and 3d clearly 

show that the RF model predicts well when the rainfall 

value is less than one, but when the value is greater than 

one, the predicted rainfall values are scattered compared 

to the actual dataset. However, the LSTM model's 

predictions were close to the observed data with a 

reduction in error, even when the value of rainfall is 

greater than 1 (Fig. 3.c and 3.e). The correlation 

coefficient (CC), mean absolute error (MAE), and root 

mean squared error (RMSE) of the RF model for the 

Varanasi city are 0.71, 0.32, and 0.60, respectively. 

Additionally, the CC, MAE, and RMSE of the LSTM 

model are 0.82, 0.27, and 0.46, respectively. 

 

The actual and predicted values of the Lucknow city 

are shown in Fig. 4 for each prediction model. In Fig. 4.b, 

the testing dataset for the months of July 2001, September 

2010, June 2020, and September 2020 have negative 

actual rainfall anomaly values, but the RF model predicted 

positive rainfall anomaly values. However, in Figs. 

4(c&e), the LSTM model has followed the same pattern as 

the actual rainfall anomaly dataset. The RMSE, MAE, and 

CC of the RF and LSTM models for the Lucknow city are 

0.46 (0.39), 0.30 (0.21), and 0.74 (0.81), respectively. 

 

The actual and predicted rainfall data from June 

2001 to September 2020 for the RF and LSTM models are 

represented in Fig. 5. It is observed that the RF model's 

negative and positive rainfall trends have not followed the 

same pattern as the actual dataset in some months (Fig. 

5b). However, the LSTM model performs better in 

following the trends in the months of July 2005, 

September 2010, and September 2020 (Figs. 5c&e). The 

CC, RMSE, and MAE for the RF and LSTM models are 

0.70, 0.48, 0.30, and 0.76, 0.43, 0.23, respectively, for 

Kanpur city. 

 

Fig. 6 represents the actual and predicted values for 

the Gorakhpur city. In Fig. 6(b &.c), we can see that when 

the actual rainfall anomaly value (in the months of July 

2001, July 2003, and September 2011) is greater than two, 

the RF and LSTM models do not accurately predict the 

value. However, it is clearly visible from Fig. 6.c that the 

LSTM model performs better in identifying the actual 

rainfall dataset. The LSTM model displays the majority of 

its data points on a linearly fitted line (Fig. 6.e). 

Furthermore, the number of data points above the line 

does not fit neatly in the RF model (Fig. 6.d). The CC, 

MAE, and RMSE of the RF and LSTM models for the 

Gorakhpur city are 0.73, 0.30, 0.50, and 0.82, 0.22, 0.40, 

respectively. 

 

The actual and predicted plots for the meteorological 

station of Allahabad are shown in Fig. 7. In Fig. 7.b, the 

RF model seems particularly less reliable when predicting 

high rainfall values (greater than two mm), and it also has 

visibly higher errors, as shown in the performance 

metrics. In Fig. 7.d and 7.e, we can observe that the 

dispersion in the test predictions obtained by the LSTM 

model has a better-centered regression line compared to 

the RF method. This implies that its predictions are more 

balanced across different values and generally more 

consistent. The RMSE, MAE, and CC of the RF and 

LSTM models for Allahabad are 0.53 (0.39), 0.30 (0.19), 

and 0.73 (0.85), respectively. 

 

We carried out comparable feature engineering and 

selection in the RF models. We kept the RF model with 

five trees and five branches depth. The model                  

assigned weights to the characteristics and displayed                 

the corresponding performance. It is noteworthy that                

the above tree-based models show considerable 

performance even with the limited depth of five or fewer 

branches. The RMSE, MAE, and CC results demonstrate 

that the LSTM-based RNN prediction model provided 

better results compared to the RF model. The superior 

performance of the LSTM model is due to its complex 

architecture that allows the network to retain layer 

information from past inputs for long storage, which can 

be used in subsequent training (Ahmed et al., 2010; 

Makridakiset al., 2018). This makes the model suitable for 

time series applications where current values depend on 

past records. 

 

All the findings, comparisons, and validation of the 

suggested prediction model are covered in this part. The 

standard parameters for prediction errors are RMSE, 

MAE, and CC. MAE is computed as a performance 

evaluation for the suggested strategies' reduced prediction 

error. The RMSE value represents the variance between 

the properties of the actual and forecasted rainfall. 

 

4. Conclusions 

 

In this study, meteorological time series rainfall data 

were used as input for the five cities (Allahabad, Kanpur, 
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Varanasi, Lucknow, and Gorakhpur) of Uttar Pradesh          

with a twelve-month lag. Additionally, input features  

were added, namely North Atlantic SST, NINO 3.4              

index, and Equatorial south-east SST, during the period of 

1901 to 2020 on a monthly basis. The selection of  

suitable lags was based on co-linearity and                  

correlation analysis, as mentioned in the first paragraph        

of Section 3. The primary purpose of this study                      

was to compare the capability of ML/DL methods                      

in predicting rainfall in the major cities of Uttar             

Pradesh. Two ML/DL methods, RF and LSTM, were 

employed to predict rainfall using input variables such as 

rainfall with a twelve-month lag and SST over the Indian, 

Pacific, and Atlantic oceans with appropriate lags from 

1901 to 2020. The test results demonstrated that the 

methods were well-trained. Three performance indicators, 

namely MAE, RMSE, and CC, were utilized as 

performance indexes, and they showed that the LSTM 

model outperformed the RF model. The next step involved 

predicting rainfall for the testing period from 2001 to 

2020. As expected, the MAE, RMSE, and CC results 

revealed that RF had lower accuracy in predicting rainfall 

compared to LSTM. 

 

From this study, it was observed that the LSTM 

model performed well for time series data compared to the 

RF model, which was not as effective in handling 

nonlinear data. However, it was also noted that while the 

LSTM model was better than the RF model in predicting 

high rainfall values (greater than two mm), there were still 

discrepancies in the LSTM models for higher rainfall 

values. Further investigation is needed to enhance the 

LSTM model and improve its accuracy for high rainfall 

values. Nonetheless, our proposed method serves as an 

efficient rainfall forecasting model that can aid the 

agricultural sector and contribute significantly to the 

nation's economy. 
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