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Abstract – This paper presents an in-depth analysis of historical meteorological data for eight major cities in 
India, covering over three decades of daily records from January 1, 1990, to July 20, 2022. The dataset 

included essential meteorological variables, such as average, minimum, and maximum temperatures, as well 

as daily precipitation levels. The focus of the research was primarily on precipitation data, which was 

meticulously preprocessed to serve as the key input for the development of an ARIMA-based forecasting 

model. Data preprocessing included handling missing values and refining the dataset to ensure its quality 

and reliability for model training and testing. 

The ARIMA model was employed to forecast rainfall patterns, demonstrating significant predictive accuracy. 

This ability to predict future precipitation levels holds immense value for critical applications in agriculture, 

water resource management, and disaster preparedness, where rainfall forecasts are essential for planning 

and mitigating risks. Additionally, the study explored seasonal patterns, temperature variability, and 

precipitation trends across the selected cities, offering insights into regional climate variations. These 

findings contribute to a broader understanding of how climate trends can influence urban and rural planning 
efforts in India. 

The careful preprocessing of the dataset, combined with the application of the ARIMA model, allowed for 

effective rainfall prediction, underscoring the model's potential to inform decision-making processes in areas 

heavily impacted by weather variability. The research highlights the importance of accurate climate 

modeling for improving resilience to climate change and enhancing the management of natural resources. 

Keywords: Precipitation forecasting, ARIMA model, meteorological data, rainfall prediction, seasonal 

patterns, temperature variability, climate trends, water resource management, disaster preparedness 

 

 

I. INTRODUCTION  

Rainfall forecasting plays a pivotal role in meteorology, 

impacting key areas such as agriculture, water resource 

management, disaster preparedness, and urban planning. 

The accurate prediction of rainfall is essential for 

ensuring food security, reducing the adverse effects of 

floods and droughts, and making the best use of water 

resources. However, traditional forecasting techniques, 

which rely heavily on numerical weather prediction 

models and statistical methods, often fall short in 

accurately capturing the complex, nonlinear nature of 

atmospheric processes. These conventional approaches 

struggle with the inherent unpredictability and variability 
in weather patterns, particularly in regions characterized 

by diverse climatic conditions. 

The emergence of artificial intelligence (AI) in recent 

years has introduced innovative methods for improving 

the accuracy and dependability of rainfall forecasts. AI 

techniques, encompassing machine learning, deep 

learning, and hybrid models, provide sophisticated tools 

for analyzing extensive datasets and uncovering complex 

patterns that traditional methods might miss. These AI 

models are capable of learning from historical weather 

data, integrating multiple real-time information sources, 
and adapting to evolving climatic conditions, which 

makes them particularly effective for predicting rainfall 

under a variety of scenarios. 

This thesis investigates the use of AI techniques in 

rainfall forecasting, with a focus on their potential to 

enhance the accuracy and reliability of predictions. It 

explores several AI methodologies, including artificial 

neural networks (ANNs), support vector machines 

(SVMs), and recurrent neural networks (RNNs), and 

assesses their effectiveness compared to traditional 
forecasting models. By utilizing AI’s ability to manage 

complex, multidimensional data, this research aims to 

contribute to the creation of more resilient forecasting 

systems that can better support decision-making in 

critical areas influenced by rainfall. The outcomes of this 

study are anticipated to provide valuable insights into the 

practical application of AI in meteorology and its role in 

overcoming the challenges associated with climate 

variability and change. 

 

II. PROPOSED METHOD  

The ARIMA (AutoRegressive Integrated Moving 

Average) model is a widely recognized statistical 

approach used for time series forecasting. It is 

particularly effective for predicting future values based 

on historical data, making it a suitable choice for rainfall 

forecasting. The proposed ARIMA-based model for 

rainfall forecasting aims to address the challenges of 

accurate and reliable prediction by leveraging the 
strengths of ARIMA in modeling temporal dependencies 

within rainfall data. 
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Figure 1 Proposed Method Flow 

The ARIMA model was fitted to the training data, with 

the best parameters determined earlier. The model's 
predictive power comes from combining three 

components: 

 

1. Autoregressive (AR) component: This part models the 

relationship between an observation and a specified 

number of lagged observations. Mathematically, it can be 

expressed as: 

 

 
   where X_t is the current value, c is a constant, phi_i are 

the parameters of the model, X_t-i are the lagged values, 

and epsilon_t  is the white noise error term. 

 

For this model, the lagged observations extend to p=5p = 

5p=5, meaning the current value depends on the past five 

observations. 

 

2. Integrated (I) component: This involves differencing 

the data to make it stationary, reducing trend and 

seasonality. The differencing process can be represented 
as: 

 

 
   where d is the order of differencing. 

In this case, d=2d = 2d=2 means the second difference of 

the series is taken, which helps to eliminate the presence 
of unit roots and make the series stationary. 

 

3. Moving Average (MA) component: This component 

uses past forecast errors to predict future values. The 

equation is: 

 

 
 

   where mu is the mean of the series, theta_j are the 

weights assigned to past error terms, and epsilon_t is the 

white noise error term. 

 

The order Q denotes the number of lagged forecast errors 

included in the model. Since q=0q = 0q=0 in this model, 

there are no moving average terms, meaning the model 

does not use past forecast errors. 

 

IV. RESULT 

The results of the proposed ARIMA-based rainfall 

forecasting model demonstrate its effectiveness in 

predicting rainfall with a reasonable degree of accuracy. 

The model's performance is evaluated using key metrics 
such as Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), and Mean Absolute Percentage 

Error (MAPE), providing insights into the typical 

deviation and error distribution between predicted and 

actual rainfall values. Time series plots and residual 

analyses offer a visual representation of the model's 

accuracy and error patterns, highlighting its strengths in 

capturing rainfall trends over various time horizons. The 

model's performance is further analyzed across different 

forecast scenarios, with a discussion on the confidence 

intervals that quantify the uncertainty in the predictions. 
A comparative analysis with other models, such as 

machine learning-based approaches, is provided to 

contextualize the ARIMA model's effectiveness. 

Additionally, an error analysis identifies periods of 

underperformance and explores potential reasons for 

deviations, offering avenues for future model 

improvements. The discussion section interprets these 

results within the specific regional and temporal context 

of the study, considering external factors and suggesting 
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potential enhancements, such as the integration of 

additional variables or hybrid modeling approaches. 

Finally, the practical implications of the model's 

forecasts are explored, emphasizing their utility in 

applications like agricultural planning, water resource 

management, and disaster preparedness, where accurate 
rainfall predictions are crucial. 

The dataset used provides daily temperature and 

precipitation data for eight major cities in India—Delhi, 

Bangalore, Chennai, Lucknow, Rajasthan, Mumbai, 

Bhubaneswar, and Rourkela—spanning from January 1, 

1990, to July 20, 2022. Each record includes the average, 

minimum, and maximum temperatures (in degrees 
Centigrade), as well as precipitation levels (in 

millimeters). The dataset is organized chronologically, 

allowing for an extensive analysis of climatic trends over 

more than three decades. 

 

 
Figure 2 Data Distribution 

 

The sample data for Delhi, for instance, starts with a 

record on January 1, 1990, showing a minimum 

temperature of 6.0°C, an average temperature of 9.4°C, 

and a maximum temperature of 15.1°C, with no 

precipitation recorded. The data continues consistently 

until July 25, 2022, where the minimum, average, and 

maximum temperatures recorded were 26.8°C, 30.7°C, 

and 35.7°C, respectively, with no precipitation. Over 

11,894 entries for Delhi suggest comprehensive daily 
data coverage, allowing for detailed analysis of seasonal 

patterns, temperature variability, and precipitation trends. 

 

From the dataset, we can infer seasonal temperature 

shifts, such as the cooler months indicated by lower 

average and minimum temperatures early in the year, and 

the warmer months reflected by higher temperatures 

during mid-year. Precipitation data offers insights into 

rainfall patterns, which are crucial for understanding 

monsoon behavior and other seasonal weather 

phenomena. For example, a significant precipitation 
value, like 21.2 mm recorded on July 21, 2022, likely 

indicates a monsoon day. The availability of data across 

multiple cities allows for comparative climatic analysis, 

providing a broader perspective on regional climate 

variations and their potential implications on local 

ecosystems and human activities. 

 

 
Figure 3 Rainfall statically graph 

Above is the precipitation vs Date data for the period of 

1990 to 2022 for city of Delhi. 

 

In preparing the daily weather dataset for ARIMA-based 

rainfall precipitation forecasting, several preprocessing 

steps were taken to ensure data quality and relevance. 

Initially, the dataset was checked for missing values 

using the `df.isna().sum()` function, revealing the extent 

of data gaps. To address these missing values, forward 

fill (`ffill`) was applied, which propagates the last valid 

observation forward to fill the gaps. This method ensures 
continuity in the time series data, essential for accurate 

modeling, while also maintaining the temporal sequence 

of observations. 

 

These preprocessing steps not only cleaned the dataset 

but also tailored it for a more precise analysis of 

precipitation patterns. The emphasis on precipitation 

data, after handling missing values and eliminating less 

critical temperature data, highlights the importance of 

simplifying the dataset to focus on the core elements 

relevant to the forecasting task. This approach ensures 
that the ARIMA model receives a refined and consistent 

set of inputs, enhancing its ability to predict future 

rainfall patterns accurately. 

 

Forecasting and Evaluation 

 

Once the model was trained, it was used to generate 

forecasts on the test data. For each time step in the test 

set, the model used the historical data to predict the next 

observation. The `forecast()` function generated these 

predictions, ensuring they were non-negative since 

precipitation cannot be negative. 
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Table 1 Forecasting result with date 

 
 

 

The predicted values were compared against the actual 

test values to evaluate the model's accuracy. Three key 

metrics were calculated: 

 
Figure 4 Predicted  Value over time 

 

 

V. CONCLUSION 

This paper show comprehensive and detailed record of 

daily temperature and precipitation data for eight major 

cities in India over more than three decades. The data 

spanned from January 1, 1990, to July 20, 2022, and 

included key meteorological variables such as average, 

minimum, and maximum temperatures, as well as 

precipitation levels. Through careful preprocessing, the 

dataset was refined to focus specifically on precipitation, 

which served as the primary variable of interest for the 
ARIMA-based forecasting model. 

The model's development and evaluation demonstrated 

its capacity to predict rainfall with a reasonable degree of 

accuracy, which is crucial for applications in agriculture, 

water resource management, and disaster preparedness. 

The analysis of seasonal patterns, temperature variability, 

and precipitation trends across multiple cities highlighted 

the model's potential in understanding regional climate 

variations and their broader implications. By effectively 

handling missing data and streamlining the input 
variables, the study ensured that the ARIMA model 

operated on a clean and focused dataset, thereby 
enhancing its predictive capabilities. 
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