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Abstract 

Precipitation and climate forecasting in the Coastal Andhra are extremely needed for the agriculture and 

water resource management system. Most challenging factor in this study is nature of rainfall data. Due 

to drastic climatic conditions, the rainfall becomes nonlinear and dynamic in nature. Conventional 

statistical models are not enough to predict the actual rainfall trend, which require contemporary 

computer modelling and simulation techniques for accurate prediction. In this paper, we are using both 

traditional statistical technique autoregressive integrated moving average (ARIMA) and contemporary AI 

model Artificial Neural Network (ANN) for prediction of rainfall. In order to evaluate the forecasting 

efficacy, we used of 117 years of mean annual rainfall data from year 1901 to 2017 of Coastal Andhra 

(India). The models were trained with 100 years of annual rainfall data. The ARIMA and the ANN 

methods are used to the data to draw the accuracy. The accuracy of the model was assessed by using 

remaining 17 years of data. The study explains that ANN model can be used as a significant prediction 

tool to forecast the rainfall when compare with ARIMA model. 
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1. Introduction 
Prediction of the Precipitation is the most significant and challenging subject in the present 
era. Agriculture is one of the major businesses in country like India, the relevance of rainfall 
forecast is necessary for to meet the future course of demands. Across the globe, several 
contributions have been developed to predict rainfall behaviour using numerous traditional and 
modern methods. In the present study, we have used two models to predict the rainfall pattern 
like: traditional statistical method autoregressive integrated moving average ARIMA and the 
contemporary artificial intelligence model artificial neural network ANN. Data appropriateness 
is the core content for any model fitting. Conventional statistical methods are performing well 
when the data is balanced as well as linear. But it is not possible in all cases. The actual 
rainfall trend for previous decades is abnormal and data is nonlinear in nature. In this case, the 
solicitation of ANN for prediction of time series model is fairly good (Mirko & Christian 
2000). ANN is powerful technique to deal estimated nonlinear functions. This method 
designed based on human neurological system, It contains of a sequence of fundamental 
computing elements, called as neurons interrelated together to form a network, [Rummelhart & 
McClelland 1996]. The parallel-distributed processing architecture of ANN has end up being 
an extremely ground-breaking computational techniques which is presently being utilized in a 
few fields to show the dynamic cycles effectively [Mirko and Christian 2000; Mary 2002] 
including the precipitation [Singh and Chowdhury 1986; Cigizoglu 2002] [28, 10]. This method 
can take in and sum up from guides to create important arrangements. Among every climate 
occurring, precipitation has the most basic influence in human life. Human development 
generally relies on its recurrence and sum to different scales. A few stochastic models have 
been endeavoured to gauge the models of precipitation, to examine its occasional inconstancy, 
to figure yearly/month to month precipitation over some topographical region Recent 
exploration exercises in artificial neural organization have indicated that ANNs have amazing 
design of classification with proper behavioural pattern identification capacity. Roused by 
organic frameworks, especially by investigation into the human mind, ANNs can gain from 
and sum up for a fact.  
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In present days, ANNs are being utilized for a wide 
assortment of undertakings in various fields of business, 
industry and science. The current work convincingly shows 
the upsides of utilizing ANN over that of ARIMA procedure 
to demonstrate the precipitation conduct. 
 

1.1 Study area 

The data for annual rainfall Coastal Andhra, which is lies 

between 12°41' and 19.07° N latitude and 77° and 84°40’ E 

longitude, is being used for the present study. Coastal Andhra 

summer monsoon trend pattern is dynamic based on the 

climatic changes. In India, June to September rainfall is vital 

for the Agricultural needs disaster management, economy 

development, and hydrological strategies of the country. Still 

agriculture is one of the major sectors for Indian economic

development. Floods and famine due to heavy rainfall and in 

some cases like droughts due to weak monsoons becomes 

crucial for the country. Hence, it is significant to observe 

meticulously the pattern of rainfall variation across the 

country on monthly, seasonal and annual time scale is 

necessary. 

This long-term rainfall time series data is collected from 

Indian Meteorological Department (http://www.data.gov.in). 

This consists of the mean annual rainfall from year 1901 to 

2017 (117 years) as shown in Fig.2. The pattern of rainfall is 

nonlinear over the periods. The first 100 years of monthly 

rainfall time series data is used for training model and the 

remaining 17 years considered for prediction by using 

traditional statistical model ARIMA and contemporary 

machine learning technique ANN models. 

 

 
 

Fig 1: Coastal Andhra 

 

 
 

Fig 2: Graphical representation of annual rainfall data bounded by latitude 12°41' and 19.07°N latitude and 77° and 84°40'E longitude 
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2. Review of Literature  

Kalogirou et al. (1997) applied ANN to renovate the rainfall 

time series data over Cyprus. Wong et al. (1999) fabricated 

fuzzy rule bases with the help of Self Organizing Map (SOM) 

and back propagation neural networks and then with the help 

of the rule base developed predictive model for rainfall over 

Switzerland. Op pandey et al. (2006) [23] Reveals that 

Traditional ARIMA is most preferable model to predict the 

rainfall, but when compare with ANN, ANN is one most 

useful and appropriate technique for better prediction of 

rainfall behaviour. Fadhilah Yusof et al. (2013) [15] Initiated to 

implement hybrid ARIMA-GARCH for the serial dependency 

and volatility in the rainfall data. Also suggested that Seasonal 

ARIMA model predicts well for dynamic behaviour of the 

rainfall. Rahman et al. (2013) [21] proved that the conventional 

statistical models ARIMA and SARIMA are the appropriate 

techniques with more efficacy than other modelling 

techniques like Adaptive neuro-fuzzy inference system 

ANFIS.  

Pinky Saikia Dutta (2014) established the ARIMA model by 

considering the parameters like: mean sea level, temperature 

and wind speed to predict the rainfall behavioural pattern.  

H. Yasin et al., (2016). Empirical approach determines the 

number of hidden nodes in which ANN is reinstructed with 

fluctuating number of hidden layers, and the output error is 

depending on the function of the number of hidden layers.  

Swapnil S. Potdar et al. (2019) [29] used regression analysis, 

MK-test and Sen’s analysis to analyse the long-term time 

series data for prediction of rainfall. This explains that the 

momentum of spatial variability shows much impact on the 

behaviour of the rainfall pattern.  

Lata, K et al. (2020) [18] constructed SARIMA model for 

prediction of rainfall behaviour. This model explains, 

stochastic modeming is also best one, to predict the rainfall.  

Shuni Qian et al. (2020) build the conventional statistical 

models based on GCMs and SST dipoles with bias and 

without bias correction to prediction of monsoon rainfall in 

the Yangtze River basin. These models are the most 

appropriate dipoles for the forecaster and it creates a 

functional relationship between the SST dipoles and monsoon 

rainfall.  

 

3. Forecasting methods and parameters 

3.1 Arima model 

ARIMA model was introduced by Box & Jenkins (1970) as 

predicting technique which is still prevalent in many areas. 

Especially for weather and rainfall forecasting this is one of 

the best conventional models. 

The autoregressive integrated moving average ARIMA model 

of the time series {r1, r2, r3…..} is defined as  

 

φ (B) ∆d rt= θ(B) et       -----(1) 

 

Where rt and et are Average annual rainfall and random error 

of the time series data at time t. B is the lag variable 

explicated by Bry = ry-1 and ∆ = 1- B where d is the order of 

difference.  

The φ (B) and θ (B) of order p and q are defined as 

 

  ---- (2) 

 

  ---- (3) 

 

Where φ1, φ2 …φp are the autoregressive coefficients and θ1, 

θ2…θq are the moving averages coefficients  

The primary task in the ARIMA (p,d,q) modelling is to test 

whether the time series data is stationary or not. If the data is 

non-stationary then it should be converted into a stationary 

time series by applying appropriate degree of differentiation 

by selecting proper value of d. The values of p is the number 

of autoregressive terms, and q is the number of lagged 

forecast errors in the prediction equation that are chosen by 

examining the autocorrelation function (ACF) and partial 

autocorrelation function (PACF) of the time series data. 

 

3.2 ANN Model 

An ANN is a tremendous parallel distributed processor that 

has a neural affinity for keeping away the experimental 

information and making it accessible for additional utilization. 

It looks like the human cerebrum whose speed and 

effectiveness has been continually intriguing to scientists for a 

serious long time. The mission to comprehend these cycles 

and to take care of the related issues has prompted the 

improvement of ANN strategy. Neural networks basically 

include a nonlinear displaying approach that gives a genuinely 

precise general estimate to any capacity. Its control originates 

from the parallel processing of the data from information. No 

previous presumption of the model structure is needed in the 

model structure measure. All things considered, the 

organization model is generally controlled by the qualities of 

the information. Single shrouded layer feed forward network 

is the most generally utilized model structure for time series 

modelling and predicting. As forecasting is accomplished via 

forecasting of future behavioural pattern from examples of 

previous behaviour, it is a perfect modelling area for neural 

networks, at least in principle [Koizumi k 1999]. In the 

forward process the inputs are functioning through input layer 

and its impact is spread through network, layer by layer. The 

net impact is processed as the weighted amount of the yield of 

the neurons of the past layer. The amount of squared 

deviation of the yield from the objective incentive at the hubs 

of the yield layer characterizes the blunder signal that will be 

spread back to past layers with the end goal that the 

boundaries are acclimated to limit the mistake in additional 

calculations 

 

 
 

Fig 3: ANN design with four input and one output for mean annual 

rainfall data. 

 

As shown in Fig.3, an ANN contains of different stratums of 

neurons. The model is characterized by a network of three 

stratums of simple processing units, which are associated to 

each other. The first stratum collects the input data and it is 

called an input layer. The last stratum produces the output 

information can be known as output layer. Between output 

and input layers there are many hidden layers and the 

http://www.mathsjournal.com/


 

~107~ 

International Journal of Statistics and Applied Mathematics http://www.mathsjournal.com 
 

Information is transferred through the networks between 

nodes in different layers.  

 

4. Data analysis and model selection  

One of the greatest challenges in the contemporary data 

analysis is to extract the meaningful inferences about a 

complex data from a single dignified parameter. To measure 

the forecasting performance of models, the data can divide 

into two parts like training and testing. The training data is 

normally used for the development of model selection and the 

testing is used to evaluate the proposed model. In the present 

study the first 100 years of monthly rainfall time series data is 

used for training model and the remaining 17 years 

considered for prediction by using traditional statistical model 

ARIMA and contemporary machine learning technique ANN 

models. 

 

4.1 Performance evaluation criteria 

Model performance evaluation is crucial part when we 

compare with two different models. In conventional time 

series models and machine learning techniques error metrics 

are the real aspects in order to define the best model. The 

major error metrics are 

 

Mean Absolute Error MAE 

 

1

n

t

t

E

MAE





       ------- (4) 

 

Mean Absolute percentage Error (MAPE) 

 

      ------- (5) 

 

Root Mean Squared Error (RMSE) 

 

      ------- (6) 

 

 
 

Fig 4: Actual and transformed mean annual rainfall for training data set 
 

 
 

Fig 5: Predicted and observed mean annual rainfall for testing data set using ARIMA model 
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Fig 6: Predicted mean annual rainfall for testing data set using ARIMA model 

 

 
 

Fig 7: Predicted and observed mean annual rainfall for testing data set using ANN model 

 

 
 

Fig 8: Predicted mean annual rainfall for testing data set using ANN model 

 

4.2 Results and Discussion 

Figure 4 explains that the plot of Transformed data and Actual 

(observed) rainfall data from 1901 to 2017. Figure 5 and 

figure 7 show the plot of predicted and observed rainfall for 

testing data set using ARIMA and ANN respectively. 

Similarly figure 6 and figure 8 clearly shows that predicted 

mean rainfall using ARIMA and ANN from Jan 2018 to Dec 

2022.Based on this plots we observe that ANN model 

forecasting is performing well than the ARIMA. 

 

4.3 Error metrics  

 
Table 1: The error metrics of ARIMA and ANN models 

 

Model Metric ME RMSE MAE MPE MAPE ACF1 Theils U 

Arima 

R 18.48 76.78 54.47 -52.93 124.96 0.13 1.10 

R_ Avg 20.46 82.79 63.18 -5.77 88.94 0.34 2.19 

R_ Log_ Avg 10.06 80.66 60.51 -50.40 122.91 0.34 3.64 

ANN 

R 7.69 59.03 37.07 -188.90 322.90 -0.05 0.98 

R_ Avg 4.77 88.30 63.95 -44.56 127.39 0.33 3.01 

R_ Log_ Avg 3.50 84.50 61.90 -68.64 136.87 0.33 5.02 
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The error metrics of ARIMA and ANN models in are shown 

in Table 1. The table shows that the ANN model performs 

well in compare with the ARIMA model. The RMSE error for 

ARIMA model is 76.78 and for ANN model is 59.03 

respectively. And the other performance metric such as Theils 

U represent that the ANN forecast is better to ARIMA 

forecast. The RMSE error metric is progressively increases 

when calculate average and log average values Therefore, this 

research founds that ANN method is a prediction tool to 

model and forecast annual rainfall than the ARIMA model. 

 

5. Conclusions  

Nonlinear behavioural pattern of annual rainfall data has been 

studied using ARIMA and ANN techniques. Monthly rainfall 

data during the period of 1901- 2017 of Coastal Andhra 

region was utilized to train and test the models. Root mean 

square error and Theils U values for the rainfall data was used 

to find out the best model fit for forecasting. This research 

discloses that ANN model will be the significant prediction 

tool to predict the rainfall, which performs better when 

compare with the ARIMA model. 
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