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Abstract: This research explores the design and implementation of a machine learning-based model to enhance the precision of daily
rainfall predictions. By leveraging historical meteorological data and employing advanced machine learning algorithms such as Linear
Regression, Random Forest and XGBoost, the model aims to capture intricate relationships between various atmospheric variables. The
proposed model is trained, validated, and tested on real-world data, and its performance is evaluated using metrics like the R2 score,
Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). The dataset, preprocesses to handle missing values and outliers,
is divided into training and testing subsets. Key hyperparameters of the machine learning models, such as learning rate, maximum tree
depth, and the number of boosting rounds, are optimized through cross-validation to prevent overfitting and ensure generalizability. The
performance of the Linear Regression, Random Forest and XGBoost model is evaluated against traditional regression techniques and
other ensemble methods using metrics like Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). Our results demonstrate
that Linear Regression significantly outperforms on this dataset, providing more accurate and reliable rainfall predictions. The result
demonstrate that machine learning techniques can significantly improve the accuracy of daily rainfall predictions, offering a promising
tool for better decision-making in weather-dependent industries.
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1. INTRODUCTION

Rainfall prediction is a fundamental component of weather forecasting, with far-reaching implications for agriculture, water resource
management, disaster preparedness, and urban infrastructure planning. Accurate daily rainfall predictions are essential for mitigating
the risks associated with extreme weather events, optimizing agricultural practices, and managing water resources effectively. However,
predicting rainfall is inherently challenging due to the complex, dynamic, and non-linear nature of atmospheric processes. Traditional
forecasting methods, which often rely on statistical models and numerical weather prediction techniques, face limitations in capturing
these complexities, leading to less precise predictions.

In recent years, advancements in machine learning (ML) have opened new avenues for improving the accuracy of weather forecasts.
Machine learning models, with their ability to learn from large datasets and uncover hidden patterns, offer a powerful alternative to
traditional methods. By analysing historical weather data, including variables such as temperature, humidity, pressure, and wind speed,
ML models can generate more accurate predictions of daily rainfall.

The dataset Sub Divisional Monthly Rainfall from 1901 to 2017 is downloaded from 61 is Open Government data (OGD) platform
India. Open Government Data (OGD) Platform India — data.gov.in — is a platform of Government of India to support Open Data
initiative. The portal is proposed to be used by the Government of India Ministries/ Departments their organizations to publish different
things like documents, services, tools, datasets and applications collected by them for public use. It anticipates to increase transparency
in the functioning of Government and open avenues for many more innovative uses of Government Data to give different perspective.

Traditional statistical methods, such as linear regression have been extensively used for rainfall prediction. However, these methods
often struggle to capture the intricate interactions among various atmospheric variables. Recent advancements in machine learning offer
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mising alternatives that can model complex patterns and improve predictive accuracy. One such advanced technique is XGBoost
(extreme Gradient Boosting), a scalable and efficient implementation of gradient boosted decision trees.

5y Index(['SUBDIVISION', 'YEAR', 'JAN', 'FEB', 'MAR', 'APR', 'MAY', 'JUN', "JUL',
'AUG', 'SEP', 'OCT', 'NOV', 'DEC’, 'ANNUAL', 'JF', 'MAM', '13AS',
‘o',
dtype="object")

Fig 1.1: list of variables presents in the dataset(source: ”mydataset”)

This research focuses on the design and implementation of a machine learning-based model tailored for precise daily rainfall prediction.
The study explores various ML algorithms, including ensemble methods like Random Forest and XGBoost which are particularly suited
for time series forecasting. The primary objective is to develop a model that can reliably predict daily rainfall, thereby providing a
valuable tool for stakeholders in weather-dependent sectors. The model's performance is rigorously evaluated using real-world
meteorological data, with the results highlighting the potential of machine learning to enhance the precision of rainfall predictions.

The subsequent sections of this paper will detail the methodology used for data collection and preprocessing, the selection and training
of machine learning models, the evaluation metrics employed, and the results obtained. Finally, the paper will discuss the implications
of these findings for practical applications and future research directions in the field of weather forecasting.

ANNUAL

[ Nov | || onD

Fig 1.2: variable and its types working on the models ( source: "mydataset”)

This study investigates the comparison of Linear Regression, XGBoost and Random Forest for daily rainfall prediction of the dataset
of each subdivision of India from 1901 to 2015. The dataset contains record of monthly, JF(Jan-Feb), MAM(March-May), JJAS(June-
September), OND(October-December), we aim to develop a model that delivers accurate and reliable rainfall forecasts.
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2. METHODOLOGY

The dataset is uploaded to the google drive and all the algorithms are trained and tested in google colab. The dataset then passed through
the data cleaning process in which all the missing values are replaced with the mean value with the help of “fillna’ function of python.
Then the new dataset is used for training and testing the model. In the training process 20 percent of the whole data is used for testing
and rest 80 percent of data is used to train the three models. Different packages are used for different models to train the dataset.
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Fig 2.1: work flow diagram of daily rainfall prediction ( source:”mydataset”)

When you apply machine learning models like Linear Regression, Random Forest, and Boost to a given dataset, each method calculates
the result differently.

a) Linear Regression:

Linear regression is a statistical algorithm which works on regression and shows the relationship between the continuous variables.
Linear regression shows the linear relationship between the independent variable (X) and the dependent variable (Y). Simple linear

regression is that where only one input variable (X) is present and if there is more than one input variable, then such linear regression
is called multiple linear regression.
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In this paper multiple linear regression is used where multiple independent features are used to predict the result/output i.e. dependent
feature.

The general equation of Linear Regression is:
Yp(X) = Po+ P1X1+ P2Xo+ PsXa+... €
Where:

i. PO isthe intercept.
ii.  BIL, B2,...,pn are the coefficients for each feature.
iii.  €\epsilon is the error term.

Also

Y=dependent feature
X= independent feature
[ = regression coefficient

Linear Regression attempts to find the best-fit line that predicts the target variable YYY as a linear combination of the independent
variables X1, X2,..., Xn.

Assume you want to predict the ANNUAL rainfall using monthly data. The features (X) would be monthly rainfall (JAN, FEB, ...,
DEC). The target (Y) would be the ANNUAL rainfall.

The model calculates the weights (coefficients) B0, B1,... , pn such that:
Y=BO+B1X1+B2X2+-+ Bn.

It minimizes the sum of squared differences between the actual and predicted values (Mean Squared Error, MSE). The result is a linear
equation that can be used to predict new values. The prediction for ANNUAL rainfall is calculated using the linear combination of the
monthly rainfall data with the learned coefficients.

The model is trained by minimizing the cost function (often Mean Squared Error, MSE), which measures the difference between the
predicted values and actual values in the training data.

After training, the model uses the learned coefficients to predict the target values for the test data. For each instance in the test set, the
predicted value is calculated as:

Y =B0+B1X1+p2X2+:-+pnXn
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e The predicted values are plotted against the actual values, which is shown in the scatter plot.

Linear Regression - R"2: 1.88, MAE: 16.16
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Fig 2.2: Predicted result of Linear Regression

b) Random Forest:

Random Forest is a supervised learning algorithm which means that the data on which it operates contains labels or outcomes. It works
by creating many decision trees, each built on arbitrarily chosen subsets of the data. The individual decision tree models are built using
a technique called bagging random forest. It comprises randomly selecting subsets of the training data and building smaller decision
trees from them. Then we combine the smaller models to form the random forest model, which outputs a single prediction value. The
procedure helps reduce variance and improve accuracy by combining the predictions from several decision trees. The model then
combines the outputs of all of these decision trees to make an overall prediction for unseen data points. The RF algorithm works on the
following stepst!
i. Take at random p data points from the training set

ii. Build a decision tree associated with these p data points

iii. Take the number N of trees to build and repeat a and b steps

iv. For a new data point, make each one of the N tree trees predict the value of y for the data point and assign the new data

point to the average of all of the predicted values of y.

Random Forest is an ensemble learning method that constructs multiple decision trees during training and outputs the average prediction
of individual trees.

Features (X): we were typically using monthly or seasonal rainfall data to predict a target variable, such as ANNUAL rainfall and Target
(Y): The target could be the ANNUAL rainfall.

To train the model Bootstrap Sampling methods is used. Random Forest selects random subsets of the data (both samples and features)
to train each tree. This reduces overfitting and ensures that the trees are diverse. Each tree is grown by recursively splitting the dataset
at different nodes. The best split at each node is determined based on a criterion like Mean Squared Error (MSE), which measures the
variance in the target variable. The tree continues to split until it reaches a stopping criterion (e.g., a maximum depth, a minimum
number of samples per leaf, or no further reduction in error). Each decision tree makes a prediction for the target variable (e.g., annual
rainfall) based on the splits learned during training. For regression tasks, the predictions from all trees are averaged to give the final
prediction. The final predicted ANNUAL rainfall would be the average of all the individual tree predictions. This averaging reduces the
variance and typically results in better generalization to unseen data compared to a single decision tree. This ensemble approach ensures
that the model is less sensitive to noise and outliers, leading to more accurate and stable predictions.
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Random Forest - R"2: @.97, MAE: 91.12

5000 A e

4000 A

3000 A

Predicted

2000 A

1000 -

T T T T T T T
0 1000 2000 3000 4000 5000 6000
Actual

Fig 2.3: Predicted result of Random Forest Classification

c) X G Boost (Extreme Gradient Boosting):

XGBoost a well-known and robust machine learning algorithm often used for supervised learning tasks such as classification, regression,
and ranking. Extreme Gradient Boosting is an advance implementation of gradient boosting algorithm, specially designed for speed and
performance. It is known for its scalability, efficiency and accuracy, making it one of the most popular machine learning models for
tabular data.

XGBoost is based on the gradient boosting framework where multiple weak learners (decision tree) are sequentially trained to correct
the errors of the preceding model. Each subsequent tree is trained on the residuals (the difference between the actual and predicted
values) of the ensemble. Ensemble learning method combine the prediction of multiple individual model (base learners) to improve
overall predictive performance. The iterative process results in a strong predictive model with high accuracy and generalization ability.
XGBoost incorporates various regularization techniques to prevent overfitting, such as shrinkage (also known as learning rate) which
scales the contribution of each tree and the tree depth regularization which limits the complexity of individual trees.

XGBoost is a boosting algorithm that builds an ensemble of weak learners (usually decision trees) sequentially. Each tree tries to correct
the mistake made by the earlier ones. The model optimizes a loss function (e.g., Mean Squared Error) and adds regularization to control
complexity.

Features (X): monthly rainfall data (e.g., JAN, FEB, etc.) as features and Target (Y): The target could be the ANNUAL rainfall.

XGBoost starts with a simple initial model, usually a prediction of the mean of the target variable for regression tasks. The residuals
(errors) between the predicted and actual values are calculated. These residuals represent what the model failed to predict correctly. A
decision tree is built to predict these residuals. The goal of this tree is to correct the errors made by the initial prediction. The tree is
constructed by splitting the data to minimize a loss function (e.g., Mean Squared Error for regression). XGBoost uses additional
techniques like regularization to prevent overfitting and make the model more generalizable. The predictions are updated by adding the
predictions from the new tree to the existing predictions. This is done with a learning rate (shrinkage parameter) that controls how much
ofthe new tree’s predictions are added. Each iteration builds a new tree to correct the residuals of the current model. The model continues
to improve by focusing on areas where the previous trees made large errors. After a specified number of iterations or when the residual
errors stop improving significantly, the model outputs the final prediction. The result is a highly accurate prediction, as XGBoost is
designed to optimize performance with techniques like shrinkage, column sampling, and regularization. This ensemble approach ensures
that the model is less sensitive to noise and outliers, leading to more accurate and stable predictions.
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Hyperparameters like learning rate, depth of the trees, number of trees, and regularization were optimized to reduce overfitting and

improve generalization.
i After training, the model was applied to the test data (data that the model hadn’t seen during training) to generate predictions.
ii. These predictions were then compared to the actual values, leading to the R2 and MAE metrics shown in the scatter plot.

XGBoost - R™2: ©.97, MAE: 85.97
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Fig 2.4: Predicted result of XGBoost model

3. RESULT AND DISCUSSION

Table 3.1: Comparison chart of Linear Regression, Random Forest and XGBoost

Models R? MAE (Mean Absolute
Error)
Properties
Linear Regression 1.00 16.16
Random Forest 0.97 91.12

This table compares the performance of three different machine learning models — Linear Regression, Random Forest, and XGBoost
— using two key evaluation metrics: R? (Coefficient of Determination) and MAE (Mean Absolute Error).
Key Terms:
i. R2(Coefficient of Determination): This metric measures how well the model's predictions match the actual data. It
ranges from 0 to 1, where:
a. 1lindicates perfect predictions (i.e., the model explains 100% of the variance in the data).
b. 0 means the model does not explain any variance in the data.
ii. MAE (Mean Absolute Error): MAE measures the average absolute difference between the expected values and actual
values. It gives an indication of how wrong the model's predictions are on average.
iii. The lower the MAE, the better the model is at making accurate predictions.
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(a). Linear Regression

Vi.

The plot shows the predicted values versus the actual values. A perfect model would have all points lying exactly on the
diagonal line (where predicted = actual).

Outliers: The few points that are away from the diagonal line are outliers, where the model's prediction deviates from the actual
value.

High R2 (1.00): Indicates a perfect fit of the model.

MAE of 16.16: Suggests the model's average prediction error is 16.16 units, which is relatively low, indicating good predictive
performance.

Title Information:

a. RZ(R-squared): The value is 1.00, which indicates that the linear regression model explains 100% of the variance in
the dependent variable. This suggests a perfect fit of the model to the data.

b. MAE (Mean Absolute Error): The MAE is 16.16, which represents the average absolute difference between the
predicted and actual values. A lower MAE indicates a more accurate model, and in this case, the value is relatively
low.

Scatter Points:

a. The points are plotted close to the diagonal line, indicating that the predicted values are very close to the actual values.
This further confirms the high accuracy and good fit of the model.

b. There are a few outliers, where the predicted values are slightly different from the actual values. These points are off
the diagonal line but still within a reasonable range, given the

(b). Random Forest:

The scatter plot shows the performance of a Random Forest model in predicting values, with an impressive
R2 value of 0.97 and a Mean Absolute Error (MAE) of 91.12. Here’s a breakdown of what these results indicate:

R2 Value (0.97): This value, also known as the coefficient of determination, indicates that 97% of the variance in the actual
values can be explained by your model. This high value suggests that your model fits the data very well.

Mean Absolute Error (MAE) (91.12): This metric measures the average magnitude of errors in your predictions, without
considering their trend. An MAE of 91.12 means that, on average, your model’s predictions are off by about 91.12 units from
the actual values. Given the range of your data (0 to 6000), this is relatively low, indicating good predictive accuracy.

iii. Scatter Plot: The dense cluster of blue dots following a linear trend indicates a strong positive correlation between the actual

and predicted values. This visual representation aligns with the high
R2 value, showing that your model’s predictions are closely aligned with the actual values.

(c). XGBoost

The plot shows a high correlation between predicted and actual values, with most points falling close to the line y=xy = xy=x,
indicating that the predictions closely match the actual values.

R-squared (R?): 0.97 Similar to random forest, XGBoost explains 97% of the variance in rainfall.

High R2 shows that the model explains a lot of the variability in the data.

Moderate MAE (Mean Absolute Error): 85.97 indicates that while the predictions are very close to actual values, there is
still an average error of about 86 units (which might be acceptable depending on the application).

How These Results Came About

a.

b.

IJNRD2411013 |

Data Quality: High-quality, well pre-processed data likely contributed to the model’s performance. Ensuring that your data
was clean, free of outliers, and properly scaled would have helped the model learn more effectively.

Model Parameters: The Random Forest algorithm’s parameters, such as the number of trees, depth of trees, and the criteria
for splitting nodes, were likely well-tuned. Proper hyperparameter tuning can significantly enhance model performance.
Feature Engineering: Effective feature selection and engineering would have played a crucial role. By selecting the most
relevant features and possibly creating new ones, you provided the model with the most informative inputs.
Cross-Validation: Using techniques like cross-validation ensures that the model’s performance is consistent across different
subsets of the data, preventing overfitting and ensuring generalizability.
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Rainfall Data for the Year 1990
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Fig 3.2: Annual rainfall in (mm) in the year 1990 at all the subdivision
Rainfall Data for the Year 2002
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Fig 3.3: Annual rainfall in (mm) in the year 2002 at all the subdivision
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Rainfall Data for the Year 2003
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Fig 3.4: Annual rainfall in (mm) in the year 2003 at all the subdivision
Rainfall Data for the Year 2002 & 2003
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Fig 3.5: Comparison of annual rainfall between the year 2002 & 2003(Fig 3.3 & Fig 3.4)

2003 appears to have been a wetter year overall, as indicated by the red line being higher than the blue line in many regions.
This suggests that many parts of India received more rainfall in 2003 compared to 2002.

Some regions like Kerala and the northeastern states consistently receive high amounts of rainfall, regardless of the year.

In contrast, western and arid regions like Rajasthan and Gujarat receive lower rainfall, and the difference between the two
years is more noticeable here.

The coastal regions, particularly around the Western Ghats (like Konkan & Goa), show a clear spike in 2003.

The graph highlights annual rainfall variations across different geographical regions in India, showing that certain regions, such as the
northeastern states and the coastal regions, consistently receive more rainfall, while the arid regions like Rajasthan consistently receive
less. Additionally, 2003 had generally higher rainfall compared to 2002 in many parts of the country, particularly in regions like Kerala,
Konkan & Goa, and some parts of the northeast.
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5. CONCLUSION

Daily rainfall prediction plays an important role in various sectors, including agriculture, water resource management, urban planning,
and disaster management. With advancements in machine learning algorithms, the accuracy and reliability of rainfall predictions have
significantly improved. These models leverage large datasets and refined computational techniques to capture complex patterns in
meteorological data. The application of these models in daily rainfall prediction has demonstrated promising results due to its ability to
handle nonlinear relationships and interactions between variables. By incorporating diverse data sources, such as satellite imagery, 10T
sensors, and historical weather data, these models can provide high-resolution and timely forecasts. The potential to integrate these
predictions with climate change models further enhances their value, offering insights into future rainfall patterns and aiding in long-
term planning and adaptation strategies.

6. LIMITATION

Despite the advancements and potential of daily rainfall prediction using different types of machine learning techniques, these have
several limitations also

i. The accuracy of rainfall predictions heavily depends on the quality and availability of data. In many regions, especially in
developing countries, there may be a lack of wide ranging and high-quality atmospheric data. While XGBoost models are powerful,
they can be complex and difficult to interpret. Understanding the model’s decision-making process and the contribution of
individual features can be challenging too, which may limit their acceptance in some applications where interpretability is crucial.
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