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Abstract. Rainfall plays a prominent role in managing of water resources.
The accurate prediction of rainfall is the greatest challenge in the field of
hydrologic studies. The prediction of rainfall is necessary to overcome
natural disasters like flood and drought. The inaccurate prediction of rainfall
causes either dry or overflow in water storage structures. In this study
different types of Machine Learning (ML) and deep learning techniques are
adopted to predict rainfall pattern of Aiyar river basin, in Tiruchirappalli
district. The comparative study of these ML models is done to identify the
best ML model for the study area. The comparison was done for different
scenarios and time intervals. The rainfall data from years 1987 to 2023 is
used for predicting the daily rainfall in the basin. The rainfall data from years
1987 to 2007 is used for testing and the remaining years data is used for
training the data set. The Theisen polygon method is used to average and
weighted the rainfall data in the basin. The ML models and deep learning
techniques used in this study are Linear model, Support Vector Machine
(SVM) and Long Short-Term Memory (LSTM) models. The rainfall was
predicted for different time scenario by using different ML algorithms like
Autocorrelation method. The accuracy of the predicted model results was
tested with RMSE, MASE and R square values. The result shows coefficient
between 0.5 to 0.9 within the limit from the daily rainfall values. From the
overall model comparison, it is observed that the SVM model accuracy is
high compared to the other models involved in this study. It is concluded
that two different methods ML and deep learning methods have been applied
with same data in which SVM ML techniques gives better results in this
study area. In future the predicted rainfall data of this study can be used for
accurate flood forecasting and modelling of Aiyar basin.
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1 Introduction

Rainfall is the primary source of water as it is elixir on life of the earth and the most influential
hydrological parameters in our day-to-day life. The increase in population, agricultural
demand, industry, and livestock made necessity for proper prediction and management of
water resources. The accurate prediction of rainfall is essential for the proper planning and
management of water resources for the agricultural, domestic, and industrial needs.

The knowledge on rainfall prediction is the subject of extensive research as it is mostly of
time bound series data. The time series data can be utilized effectively for predictions in
weather and climate change data. In recently due to climate change and human induced
environmental activity made the impact on rainfall intensity and it becomes more
complicated in prediction.

It is necessary to predict extreme rainfall events for accurate prediction of hydrologic
extremes flood and drought [1, 2]. The flood impact makes damage to infrastructure,
transport network and in socio-economic status [3]. The drought has a long-term impact on
agricultural, hydroelectric power generation and in food security. So suitable prediction
models are required for estimating these hydrological impacts.

The weather prediction models such as empirical models, numerical techniques, statistical
model, ensemble weather and Numerical weather prediction (NWP) models are also used for
rainfall prediction, but these methods are less capable of detecting the hidden patterns or non-
linear trends in rainfall data. The NWP models depend on mathematical modelling for data
sets, and further on the present climatic factors, but these factors which cannot be directly
equipped and to be integrated with parametric equations [4].

The empirical models are study area specific, while the frequency analysis methods are more
data oriented. In the statistical model large historical rainfall data with time series is required
and the prediction is also based on the historical features. If any data voids are in these
techniques the percentage of error is more in predicting the data. The ensemble weather
forecasting models are used for predicting the rainfall based on various initial conditions as
it must run multiple times to attain outcome in rainfall prediction. In ensemble model
complexity are seen during computations.

[5] There are many models being used nowadays, both government and private models. For
instance, the Global Forecast System (GFS) is a numerical weather prediction model
produced by the National Center for Environmental Prediction-National Oceanic and
Atmospheric Administration (NCEP). The autoregressive model, the autoregressive moving
average (ARMA) model and the autoregressive moving integrated average (ARIMA) model
also been widely used for hydrological series predicting [6]. But these models require more
time for calculation and large data sets.

To overcome these limitations advanced modeling methods are required for rainfall
prediction one such methods are ML and deep learning techniques [7, 8, 9]. The accurate
rainfall prediction is now a challenging task due to extreme climate variations. To improve
accuracy in prediction and to overcome limitations from conventional methods ML and deep
learning techniques are used for predicting the rainfall. ML and deep learning technique is a
promising tool in rainfall prediction. In recent times there has been a growing interest in
adopting ML techniques in hydrological sciences and water resources. The advantages of ML
techniques are independent on the physical laws of atmospheric processes.

In ML and deep learning techniques the computers can be trained to understand the possible
correlation between different variables from the large data set. Its performance is high when
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compared to conventional rainfall prediction models. ML algorithms have attained wider
acceptance in several research domains and there are different ML and deep learning
techniques are available for prediction of rainfall in regional as well as global levels. The ML
techniques can produce more accurate result by establishing a structural relationship between
various parameters [10]. The decision trees, k-nearest neighbours, linear regression, and rule-
based methods are some of the ML algorithm used for rainfall prediction [11]

2 Related Works

[12] Compared the effectiveness of SVR and random forest (RF) from the radar-derived
rainfall forecasting in three reservoir catchments of Taiwan and found that SVR was more
accurate in prediction of rainfall. [13, 14] have used ML techniques for various parameters
in predicting daily streamflow using multi-layer perceptron (MLP) [18] and Artificial Neuro-
Fuzzy Inference System (ANFIS) with shuffled frog-leaping algorithms (SFLA) [15].

[16] Predicted rainfall data in Tasik Kenyir, Terengganu by comparing several ML models
by evaluating with different scenarios and time horizon. [17] Developed a deep learning
approach for forecasting the precipitation. [18] Predicted short term rainfall by using a
convolutional 3D GRU (Conv3D-GRU) model from the machine learning perspective.

[19] Employed the Gaussian Process Regression (GPR) approach in a long time-series
rainfall data for identifying the extreme and light rainfall days for 116 years in Sri-harikota
in India. [20] Used Machine learning algorithms of ARIMA Model (Auto Regressive
Integrated Moving Average), Artificial Neural Network (ANN), Logistic Regression, SVM
and Self Organizing Map for rainfall prediction.

[21] Developed a weather forecasting system using modern neural networks and adopted a
suitable ML technique of LSTM, TCN and compare its performance with conventional
machine learning techniques, statistical forecasting models and dynamic ensemble method.
[22] Adopted an ensemble learning model based on a stacking approach. Four prevalent ML
models, namely k-nearest neighbours (KNN), extreme gradient boosting (XGB), SVR, and
(ANN) were taken as base models.

[23] Proposed Cluster wise Linear Regression technique for predicting the monthly rainfall
in Victoria, Australia. [24] Used two forecasting models for rainfall prediction where the first
model predicted for 1 month ahead and the second model is used for predicting 2 months
ahead by using ANN. [25] adopted a LSTM-based prediction model for forecasting Jimma’s
daily rainfall in south-western Oromia, Ethiopia.

In India mostly used ML techniques for rainfall predictions are Regression, ANN, Decision
Tree algorithm and Fuzzy logic. [26] Used supervised machine learning techniques like
decision tree, Naive Bayes, K-nearest neighbours, and SVM with fuzzy logic for effective
rainfall prediction.

[27] Predicted the rainfall in Taiwan by using the Deep ESN and further it can be improved
by using ESN, the BPN and the SVR. [28] Applied three machine learning methods such as
SVM, GEP, and MT for the prediction of Standardized Precipitation Index (SPI),
Standardized Streamflow Index (SSI), and Standardized Precipitation Evapotranspiration
Index (SPEI).

[29] Estimated missing flow data via Random Forest (RF) and K-Nearest Neighbourhood
(KNN) methods in their study. [30] Used recurrent neural networks (RNN) and LSTM
techniques for improving the rainfall prediction and compared it with random forest and XG
boost techniques. [31] Applied data mining techniques for rainfall runoff modeling due to
lack of sufficient memory and this issue is solved by a deep-learning-based LSTM model and
its performance is compared with RF data-driven model.
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In recently deep learning techniques are used to analyse meteorological big data, one of the
robust techniques for weather prediction [32]. [33] Proposed a comparative analysis using
simplified rainfall estimation models with conventional ML algorithms and Deep Learning
architectures that are efficient for these downstream applications.

From the various literature survey, it is inferred that only a few studies were done to compare
ML techniques delivered data accuracy with deep learning techniques. In India most of the
studies related to rainfall prediction were done separately either by ML or deep learning
techniques. It is also limited only to urban basins and more attention is required for a rural
basin. Hence the present study aims to develop and compare predicted rainfall data from ML
and deep learning techniques in Aiyar basin. The study also determined the most accurate
and reliable ML and deep learning model for the chosen study area and also enhance the
proper water resources management and forecasting systems of hydrologic extremes.

3 Motivation of the study

The Aiyar basin located in the Tiruchirappalli district is a rural basin and one of the fastest
urban areas in Tiruchirappalli city. The extreme rainfall event that happened on the year 2005
necessitates to predict accurate rainfall for managing hydrologic extremes like flood and
drought. The year 2005 extreme rainfall has its effect on economic, agriculture and in water
resources. For accurate flood prediction necessitates the accurate rainfall prediction. In
previous studies flood frequency analysis and statistical methods were used for predicting
the rainfall return period in Koraiyar river basin in Tiruchirappalli district [34]. The
conventional methods for rainfall prediction shows the deviations in rainfall-run off
correlation. So, for proper prediction of rainfall and to minimize the hydrological impacts
due to extreme rainfall events, ML and deep learning techniques are used in Aiyar basin.
Despite good progress of ML and deep learning techniques, this is the first ML and deep
learning study conducted in Aiyar basin.

4 Study Area:

The Aiyar basin a sub-basin of Cauvery River basin passes through the Tiruchirappalli
district, Tamil Nadu as shown in Fig.1 The study area lies between the latitude and longitude
of 11°30°N and 78°40° E. The basin has two administrative regions Musiri and Thuraiyur.
The basin also consists of Kolli and Pachamalai hills. The geomorphology of the basin are
Pedi plains, alluvial plains, structural hills, residual hills, valley fills, pediments, buried
pediments and upland plateau with undulating plain. The geology of Aiyar basin includes
alluvium, laterite, granite dolerite, quartzite, charnockite, granite gneiss, sandstone, and
limestone. The basin consists of black cotton soils, red sandy to loamy soils, alluvial soils,
sandy soil, sandy loam, red loam, clay, clay loam, black soil, brown soil, and mixed soil. The
average rainfall of the basin varies from 750 mm to 890 mm. The basin usually receives more
than 100 mm in a day as shown in Fig.1.
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Fig.1. Study Area Digitization

5 Methodology

The proposed methodology adopted for the present study is shown in Fig.2.

The rainfall data for the Aiyar basin is collected from the State Surface and groundwater data
centre, Chennai for the years 1978-2015. The trend analysis of rainfall is done to identify the
existing trend of the rainfall. The collected rainfall is analysed to remove data voids from the
rainfall data. The proposed system forecasts rainfall with two ML and deep learning
techniques. The spatial pattern of rainfall and slope map is generated from ArcGIS software.
The linear model, SVR, ANN and LSTM techniques were used for getting more accurate
results. The sequential steps involved in the study are data entry, pre-processing of data, data
division, algorithm training, data set checking and comparison between the algorithms.
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Fig.2. Proposed Methodology of The Study

6 Rainfall Trend Analysis

The trend analysis of rainfall trend analysis is done for the years 1977 to 2015 as shown in
Fig.3. The minimum and maximum rainfall experienced in the study area are 242.5 mm to
767 mm as shown in Table.1. From the trend analysis an increasing trend is observed from
1979 to 1984. Similarly, an increase in trend is observed from the years 1991 to 2000. From
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2001 onwards the decrease in trend of rainfall is observed. The increase and decrease of
rainfall trend are due to existing seasonal variations in the study area.
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Fig.3. Rainfall Trend-Aiyar Basin

Table 1. Statistical Measures of Rainfall

2010 2015

Station | Mean (mm) | S.D (mm) Range | Minimum | Maximum

RF (mm) | RF (mm)
Aiyar 767 16.54 110 77 242.5
basin

7 Spatial Pattern of Rainfall

The average spatial pattern of rainfall generated for the Aiyar basin is shown in Fig.4. The
spatial map is generated from Arc-GIS by Spatial interpolation techniques through Inverse
Distance Weight Method (IDM). The generated spatial rainfall map gives the average of
maximum and minimum rainfall distribution in the basin area.
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Fig.4. Spatial Distribution of Rainfall Pattern in Study Area
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8 Slope

The slope and aspect map developed for the study area as shown in Fig.4. The slope map is
generated to identify the slope factor influences in direction of rainfall. The slope less than
3% has lesser influence in the rainfall direction and more than 15% has influence on the
rainfall pattern. The aspect ratio is position of terrain as its effects are noted in precipitation
direction and the sunshine hours. In this study the aspect is taken for all eight directions.
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9 Pre-Processing of Data

The pre-processing dataset is the first step in the classification structure that confirms the
consistency of extraction performance. The classification structure is used to predict rainfall,
in which the data set was cleaned and structured before processing. The cleaning of data is
done to work with the missing attributes. The cleaning of data is essential for a better
classification operation. The cleaned data is to be tested, trained before pre-processing and
simulation process and it must be predicted using an algorithm in modelling before analysis.

10 Data Pre-processing Stages

The data adopted in this study is made into a simple format so that it is formatted in data
framework or in machine understanding format. The formatted data is then imported into
CSV file. So that algorithm can read the file and continue the process. In case of any missing
data format and remove the null values. The data missing places can be replaced with the
mean values for the better results. The data is chosen as independent variables or feature
column data base, as represented by X. The target or dependable variable rain as Y. The data
is splitted into two types as tested and trained data set. The maximum and minimum data are
used for testing and training purpose. The data splitting depends upon the form and data size.
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11 Adopting Algorithms

The training data is a part of data base used to train the algorithms while the remaining test
data from the data are dependent and independent variables. The fit function is adopted to
train the model and once fitted the adopted algorithms will use the test data to predict the
outcomes as per its process. The predicted rainfall results are generated in binary form 1 or
0 with yes or no options.

12 Accuracy Assessment of Predicted Results

The daily rainfall data is collected for predicting the future rainfall events as shown in
Table.2. The rainfall data is predicted for monthly and daily wise, and predicted accuracy is
tested by statistical measures. Initially the rainfall is predicted for the existing data and its
accuracy is verified by statistical measures Root Mean Squared Error (RMSE) and Mean
Absolute Error (MAE) to assess the adopted ML algorithms used for this study. RMSE and
MAE are widely used methods for measuring accuracy of continuous hydrologic variables
as shown in Equation 1 and 2. The MAE it measures the average magnitude of errors of
forecasted data.

RMSE = |yn  Ei%) (1)

=17 ,
Where Oi is the observed values, Ei is the predicted values and N is the number of
observations.

Table 2. Average and Projected Rainfall

Description | Mean Standard | Minimum | Maximum | Median Total
(mm) Deviation (mm) (mm) (mm) of

(mm) Daily

Data

Actual 767 17.52 77 243.5 9 14600
Rainfall

Predicted 765.56 16.66 76.3 243.12 8.56 14600
Rainfall

The RMSE is a quadratic score rule measures the average magnitude of data error. It is square
root of the average square difference between observed and predicted results. It gives more
weightage to high errors and can be used in data having more error. The MAE and RMSE
can be integrated to reduce the error from the predicted results. Mostly RMSE will always be
greater than MAE and the more difference between these yields more error differences. To
reduce errors MAE must be equal to RMSE.

MAE = Z=lfeod (2)
Oi is the observed values and Ei is the predicted values.
N is the number of observations
The Relative Absolute Error (RAE) method as shown in Equation (3) is also used to check

the accuracy of predicted rainfall results. The RAE is the absolute error, and it is relative
absolute difference between the actual and the predicted results.
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The Root Square Error (RSE) shown in Equation (4) normalize the entire square error of the
predicted rainfall values.
_ T (Ei—0)?

RSE = S (Ei-0p)? )
The co-efficient of determination adopted in this study shows the performance of the
predicted model in which zero means the random model and 1 means the predicted model is
fit.

R2 — Yt 1(MSLo—MSLo(avg)(MSLy—MSLy(avg)

\/Z’L-LI(MSLO —MSLo(avg))? YT, (MSLy—MSLy(avg))?

)

13 Prediction of rainfall using projected error

The accuracy measurement of each model is shown in Table. 3. The normalization techniques
such as Z score, log normal and min-max of data are used to identify the model accuracy.
The model performance analysis shows that log Normal gives better results for monthly and
daily prediction of rainfall. The accuracy assessment of the model shows about an R value of
0.3 an acceptable level. The acceptable level of accuracy can be achieved by predicting data
for observed values, so that predicted accuracy of existing values can be checked. Finally,
the future prediction of rainfall data can be done. The Fig.6. shows the actual values of
simulated and predicted rainfall values under various scenarios.

Table 3. ML models Performance Measurements

Regression | Statistical | Training | MAE | RMSE | RAE | RSE | R
Methods in (%)

ANN-Daily Log 90 0.1112 | 0.1441 | 045 | 0.33 | 0.71
Normal
ANN- Log 85 0.0936 | 0.1321 | 0.36 | 0.29 | 0.74

Monthly Normal

RainFall Prediction - Trichy

Ramfall

10
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Fig.6. Actual VS Predicted Rainfall of Aiyar Basin

14 Results & Discussions

This study was intended to identify the relevant parameters responsible for intensity of
rainfall. The Arc-GIS along with ML techniques were used to predict the rainfall pattern in
the study area from year 1977 to 2021. The spatial rainfall pattern map of Aiyar basin is
created through Arc-GIS process. In this study ML models used rainfall feature as input
algorithm and were implemented in python. The two ML and two deep learning techniques
were used for rainfall prediction. The predicted rainfall results from ML and Deep learning
models were compared.

Since the data is from the years 1977 to 2015, the rainfall values greater than 0.1 mm is also
considered for prediction. The ML and deep learning models of linear model, SVR, ANN
and LSTM were used for predicting rainfall under various scenario. From the various
scenario ANN model gives better predicted rainfall results when compared with other models
adopted in this study. The ANN has highest co-efficient of determination R as shown in
Table.4. Initially the prediction of rainfall from the ML models did not perform well without
tuning the data and after tuning the data improvements are seen while predicting the rainfall.
The better accuracy of the predicted results is judged from the statistical measures of the
developed model. The statistical co-efficient of the predicted results ranges from 0 to 0.3
which means the better statistical fit is achieved. The obtained predicted results can be used
for further applications. The statistical fit for linear model is 0.24, SVR is exactly 0.2,
followed by LSTM 0.21. For ANN the RMSE is 0.25 which is higher than other three
methods. The RMSE ranges from 0.3 to 0.5 of the best fit, so the predicted accuracy is more
than other methods. Hence based on the predicted results it can be concluded that ANN can
predict the rainfall at various scenario with acceptable level of accuracy. Further the accuracy
of model can be improved when more inputs are added.

Table 4. Results of the adopted ML model before and after the tuning

Scenario Regression Model Coefficient of
Determination
Daily ANN Without tuning 0.21
Monthly ANN With tuning 0.30

11
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Fig.7. Comparison of Adopted ML Techniques-Aiyar Basin

15 Conclusions

Rainfall distribution and prediction is necessary for managing the hydrologic extremes flood
and drought. This paper focuses on generating spatial rainfall maps and predicting rainfall by
using ML techniques for Aiyar river basin, Tiruchirappalli district. The historical rainfall data
were collected from year 1977 to 2015. The spatial rainfall map and prediction of rainfall
were done from the existing historical rainfall data as well as projected error-based method.
For prediction of rainfall ML and deep learning models like Linear model, SVR, ANN and
LSTM were used to predict rainfall for different scenarios of monthly and daily basis. The
accuracy assessment for each predicted model is done through statistical measures. The
RMSE of the developed ML and deep learning models ranges from 0 to 0.3. The ANN has
the maximum value of 0.3 the highest co-efficient of determination in compared to other
three models used in this study, which means predicted results are better than other methods.
The proposed study can be used if conditions exist in other areas.
The following conclusions are made from the study.

e  The more input data can be added to improve the developed ML models.

e The ANN model predicted the rainfall data with higher accuracy.

e Hybrid ML algorithms can also be used for predicting data for getting higher

accuracy.

Future Scope of the work

e The predicted rainfall data accuracy can be improved by incorporating sensor data.

e Itis recommended to use big data with sensors for daily rainfall data prediction.

e The predicted rainfall can be used for simulating flood and drought under various

scenarios.
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