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Abstract 

Rainfall is a critical determinant of agricultural productivity and water resource management in India, 

where approximately 60% of cultivated land relies on monsoon rains. In 2024, India recorded an average 

annual rainfall of 1190 mm. However, Andhra Pradesh experienced slightly below-average precipitation, 

receiving only 920 mm. The situation was particularly concerning in the Anantapuramu District a semi-

arid and drought-prone region where the annual rainfall was limited to just 470 mm. In such vulnerable 

areas, timely and accurate rainfall forecasting is essential for strategic planning and sustainable 

agricultural practices. 

This study aims to forecast monthly rainfall in the Anantapuramu district using historical data from 1988 

to 2024. Three models were employed for comparison: the ARIMA (Autoregressive Integrated Moving 

Average) model, suitable for linear time series forecasting; the Artificial Neural Network (ANN), capable 

of modeling non-linear dependencies; and the Wavelet-ANN model, which combines wavelet 

decomposition with ANN to capture both time-frequency and non-linear patterns in the data. Model 

performance was evaluated using Root Mean Squared Error (RMSE) as the key metric. Among the three, 

the ANN model exhibited the lowest RMSE value, indicating superior prediction accuracy. These results 

highlight the effectiveness of ANN in improving rainfall forecasting, which is crucial for enhancing 

agricultural resilience and mitigating climate-related risks in drought-prone regions like Anantapuramu. 

 

Keywords: ARIMA, ANN, Wavelet-ANN, RMSE, Rainfall prediction 

 

Introduction 

Rainfall is vital in India's agriculture and water resource management, where nearly 60% of 

the farmland depends on monsoon rains. In 2024, India received an average annual rainfall of 

1190mm. Andhra Pradesh experienced slightly below-average rainfall, recording 920 mm. The 

situation was more concerning in Anantapuramu district, one of the most drought-prone and 

semi-arid regions in the state, which received only about 470 mm of rainfall. In such drought-

prone regions, timely and accurate rainfall prediction becomes essential. For forecasting 

rainfall, there are several models, but ARIMA plays a crucial role in identifying linear trends 

in time series data and might miss out some hidden patterns in the data. For finding the 

complex patterns that are hidden in the data usage of ANN was done in this study and 

Wavelet-ANN (Artificial Neural Network) was also used for rainfall prediction as it is a 

powerful modeling technique that combines the time-frequency analysis power of wavelets 

with the nonlinear learning ability of ANN. 

This research explored the use of ARIMA, ANN and wavelet modeling for advanced rainfall 

prediction in Anantapuramu, emphasizing its potential to transform agricultural practices and 

improve the livelihoods of farmers. Through a detailed analysis of recent climatic data and 

modeling techniques, we aim to demonstrate the efficacy of wavelet models in addressing the 

unique challenges faced by this drought-prone region. 
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Materials and Methods  

The monthly rainfall data of the Anantapuramu district of 

Andhra Pradesh is collected from two sources: from January 

1988 to December 2020, the data was obtained from 

ICRISAT (International Crops Research Institute for the 

Semi-Arid Tropics), and from January 2021 to December 

2024, it was sourced from official government websites such 

as APWRIMS (https://apwrims.ap.gov.in/). The Statistical 

Tools that are used are Descriptive Statistics, ARIMA, ANN 

and Wavelet ANN. Box Pierce Test and BDS Test was 

conducted to find autocorrelation and non-linearity in the data 

respectively. 

 

Methodology 

ARIMA  

ARIMA is a popular statistical model used for forecasting 

time series data. It combines three components: 

 AR (Autoregressive): Uses the relationship between an 

observation and a number of lagged observations 

(previous time steps). 

 I (Integrated): Differencing the raw observations to 

allow for the time series to become stationary. 

 MA (Moving Average): Uses the relationship between 

an observation and a residual error from a moving 

average model applied to lagged observations. 

 

ARIMA Model Specification: 

The ARIMA model is denoted as ARIMA (p, d, q), where: 

P: Number of lag observations (AR term) 

D: Number of times that the raw observations are differenced 

(I term) 

Q: Size of the moving average window  

(MA term) 

Formula 

 

The ARIMA model can be expressed as: 

𝑌𝑡 = 𝜙1𝑌𝑡−1 + 𝜙2𝑌𝑡−2 + ⋯ + 𝜙𝑝𝑌𝑡−𝑝 + 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 

+ ⋯ + 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡 

 

Where, 

𝑌𝑡 is the value of the time series at time t. 

𝜙 terms are the coefficients of the AR part. 

𝜙 terms are the coefficients of the MA part. 

𝜀𝑡 is the white noise error term 

 

ANN (Artificial Neural Networks) 

Artificial Neural Networks (ANNs) are sophisticated 

computational models that draw inspiration from the neural 

networks of the human brain. These networks are made up of 

interconnected nodes, commonly referred to as neurons, 

which are arranged in layers: An input layer, one or more 

hidden layers, and an output layer. ANNs excel at identifying 

and modeling complex nonlinear relationships within data, 

making them valuable tools in various fields such as machine 

learning, data analysis, and artificial intelligence. 

 

Architecture 

 Input Layer: Receives input features. 

 Hidden Layer(s): Processes inputs with activation 

functions to learn patterns. 

 Output Layer: Produces the forecasted output. 

 

Training 

 ANNs are trained using a dataset by adjusting the weights 

and biases through a process called back propagation, 

minimizing the difference between predicted and actual 

outputs. 

 

Formula 

For a single-layer feed forward ANN, the output Y can be 

computed as: 

 

Y = f(∑ wiXi + b

n

i=1

) 

 

Where, 

Y is the output of the neuron. 

𝑋𝑖 are the input features. 

𝑤𝑖 are the weights associated with the inputs. 

𝑏 is the bias term. 

𝑓 is the activation function (e.g., sigmoid, ReLU). 

 

Wavelet Transform Approach 

To conduct the wavelet transform, we utilized the Discrete 

Wavelet Transform (DWT) instead of the Maximal Overlap 

Discrete Wavelet Transform (MODWT). The DWT was 

chosen for its straightforward implementation and its ability 

to facilitate the analysis of the signal across discrete scales.  

 

Implementation 

The wavelet transform was performed using the `wt. Filter` 

function in R, with the following parameters set: 

 Filter: Filter="la8" 

 MODWT: modwt=FALSE 

 Level of Decomposition: level=1 

 

This setup enabled the initial decomposition of the time series 

data into two main components, the approximation 

coefficients, which capture low-frequency trends, and the 

detail coefficients, which reflect high-frequency variations.  

 

Wavelet-ANN: This approach involves breaking down the 

time series into various frequency components using the 

wavelet transform, training separate artificial neural networks 

on each of these components, and then reassembling the 

forecasted series through an inverse wavelet transform. This 

method allows for capturing both linear and nonlinear 

patterns, thereby enhancing accuracy. 

 

Performance Evaluation Metrics: To evaluate the models, 

the following performance metrics were used. 

 

Root Mean Square Error (RMSE): Measures the square 

root of the average squared differences between actual and 

predicted values. 

 

Formula 

 

RMSE = √
∑ (yi − yî)

2N
i=1 

N
 

 

Where, 

 

yi and yîare the actual and predicted values of response 

variable, respectively. 
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Mean Absolute Error (MAE): Calculates the mean of 

absolute differences between predicted and actual values. 

 

Formula 

 

MAE=
1

n
∑ |Yt − Yt̂|n

t=1  

Where, 

N=the total number of observations, 

Yt=the actual value at time t, 

Yt̂ =the predicted value at time t, 

∣Yt−Yt̂∣=the absolute error between the actual and predicted 

values. 

 

Mean squared error (MSE) 

The mean square error (MSE) is the average of the sum of 

squared error values and is given as, 

 

𝑀𝑆𝐸 =
∑ (𝑌𝑖 − 𝑌𝑖̂)

2𝑁
𝑖=1

𝑁
 

 

Where, 𝑌𝑖 is the actual value, 𝑌̂𝑖 is the predicted value and N is 

the number of observations 

 

Results and Discussions 

 
Table 1: Descriptive statistics of monthly rainfall data of 

Anantapuramu district 
 

Statistic Value 

Mean 49.988 

Standard Error 3.22631 

Median 18 

Mode 0 

Standard Deviation 67.9826 

Sample Variance 4621.64 

Kurtosis 3.90159 

Skewness 1.87934 

Range 395.3 

Minimum 0 

Maximum 395.3 

Sum 22194.7 

Count 444 

 

The descriptive statistics for monthly rainfall in 

Anantapuramu district were summarized, revealing a mean 

rainfall of 49.99 mm. However, the median was merely 18 

mm, and the mode was 0 mm, indicating that many months 

experienced little to no rainfall. This disparity, coupled with a 

positive skewness of 1.8793, suggested a right-skewed 

distribution, where a few months of high rainfall affected the 

average significantly. The kurtosis value of 3.90 indicated a 

leptokurtic distribution, signifying that extreme rainfall events 

were more frequent than expected. The standard deviation 

was calculated at 67.98 mm, and the variance was determined 

to be 4621.64 mm², reflecting a high variability in rainfall. 

The range between the minimum of 0 mm and the maximum 

of 395.3 mm was found to be 395.3 mm. During the study 

period, the total monthly rainfall amounted to 22194.7 mm, 

derived from 444 months of data. Overall, these statistics 

suggested that rainfall in Anantapuramu district was highly 

variable and sporadic, with frequent extreme events. To 

forecast the monthly rainfall in Anantapuramu district, the 

ARIMA (Autoregressive Integrated Moving Average) model 

was first applied. By utilizing the auto.arima() function from 

the forecast package in R, the analysis determined the most 

appropriate model to be ARIMA (5,0,1). 

 

The fitted equation for the ARIMA (5,0,1) model is given 

below: 

 

𝑌𝑡 = 49.749 + 0.724 ⋅ 𝑌𝑡−1 − 0.013 ⋅ 𝑌𝑡−2 − 0.119 ⋅ 𝑌𝑡−3 

+0.019 ⋅ 𝑌𝑡−4 − 0.195 ⋅ 𝑌𝑡−5 + 𝜀𝑡 + 0.494 ⋅ 𝜀𝑡−1 

 

Further, the ANN model was applied which used past rainfall 

observations as input with a lag of 12 periods (p=12) to 

capture temporal dependencies. It features a hidden layer with 

10 neurons to model nonlinear relationships and is trained 

over 22 repetitions to improve performance and minimize 

over fitting. The architecture is structured as 12-10-1, 

adjusting 141 weights for optimal forecast accuracy. 

Additionally, a Wavelet-Artificial Neural Network (Wavelet-

ANN) model was employed to enhance forecast accuracy by 

capturing both short-term fluctuations and long-term trends in 

the rainfall data. 
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Fig 1: Wavelet decomposition of original data 

This plot showed a wavelet decomposition of the time series 

data using the Haar filter. The bottom part (marked as X) 

displayed the original data, while the panels above (W1 to W7 

and V7) broke it down into layers. W1 captured fast changes 

or noise, while W5 to W7 revealed slower trends. The top 

panel, V7, represented the smoothest version of the data, 

highlighting the overall trend without minor fluctuations. As 

you move up the plot, the lines became smoother, allowing 

for a better understanding of both quick changes and long-

term behaviour. The Haar filter effectively simplified the data, 

enabling analysis at different time scales. 

 
Table 2: Performance comparison metrics of models 

 

Model RMSE (Train) RMSE (Test) MAE (Train) MAE (Test) MSE (Train) MSE (Test) 

ARIMA (5,0,1) 61.0111 69.9689 44.0961 55.5706 3722.353 4895.966 

ANN (12,10) 28.7019 54.87233 16.1054 44.63861 823.796 3010.973 

Wavelet ANN 29.11727 52.98941 15.86718 43.60125 847.8155 2807.878 

 

The evaluation of three forecasting models presented in Table 

2 demonstrates the performance metrics of ARIMA (5, 0, 1), 

ANN (12, 10), and Wavelet-ANN using RMSE, MAE, and 

MSE. The results clearly indicate that the ANN model 

outperformed the other models, particularly on the training 

data, achieving the lowest RMSE of 28.70, MAE of 16.11, 

and MSE of 823.80.  

On the test set, the Wavelet-ANN model performed slightly 

better, recording a test MSE of 2807.88. However, the ANN 

model closely followed, with a test MSE of 3010.97 and a test 

RMSE of 54.87. These findings reinforce the conclusion that 

the ANN (12, 10) model is the best choice for forecasting 

rainfall in Anantapuramu, given its superior error metrics 

across both training and test datasets. As such, it is 

recommended for further applications in rainfall prediction. 

Further analysis using the Box-Pierce test on the residuals of 

the ANN model indicated no significant autocorrelation 

present. The low test statistic (X²=0.8933) and a 

corresponding p-value of 0.3446, which is greater than the 

common significance level of 0.05, led to the acceptance of 

the null hypothesis. This suggests that the residuals are 

approximately white noise, indicating that the model has 

adequately captured the dependencies within the data without 

any remaining autocorrelation. 

On the other hand, the results from the BDS (Brock-Dechert-

Scheinkman) test on the residuals of the ANN model pointed 

to the presence of significant nonlinear dependencies. For 

both embedding dimensions of 2 and 3, the standard normal 

test statistics were consistently high across all epsilon values, 

ranging from 2.4621 to 8.2409. The corresponding p-values 

were either 0 or very small, leading to the rejection of the null 

hypothesis of independent and identically distributed (I.I.D.) 

residuals. This indicated that while the ANN model captures 

much of the data's structure, some nonlinear patterns within 

the residuals remain unexplained. Therefore, additional 

refinement of the model or the incorporation of nonlinear 

components may enhance forecasting accuracy even further. 

 
Table 3: 2025 Predicted Rainfall (mm) in Anantapuramu District by 

using the ANN 
 

Months of 2025 Predicted Rainfall (mm) 

January 3.56053 

Febuary 0 

March 8.373589 

April 43.33985 

May 60.07714 

June 74.27584 

July 59.33712 

August 18.69847 

September 85.18256 

October 85.35163 

November 71.09254 

December 24.05259 
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Graph 1: Actual vs Predicted Rainfall of Anantapuramu district in Andhra Pradesh 

Conclusion 

This study evaluated the performance of various models like 

ARIMA, ANN, and Wavelet ANN for predicting rainfall in 

Anantapuram district in Andhra Pradesh. Among the models 

analyzed, the Artificial Neural Network (ANN) model 

demonstrated superior accuracy, outperforming the other 

models based on the performance metrics such as RMSE, 

MAE and MSE. Diagnostic checks revealed no significant 

autocorrelation in the residuals of ANN, indicating a good fit. 

However, the presence of significant nonlinear dependencies 

in the residuals suggests that while ANN effectively captures 

much of the underlined structure in the data, sum complex 

nonlinear patterns may still remain unexplained. Despite this 

the ANN model remains the most robust and reliable 

approach for rainfall prediction in Anantapuram District, 

Andhra Pradesh. 
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