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ABSTRACT

Predicting when it will rain is crucial for warning individuals of potential dangers and enabling them to take

preventative measures for their own safety. This work aims to employ machine learning algorithms to
accurately estimate rainfall, taking into account the substantial effects of little or excessive rainfall on both
rural and urban life. Rainfall is a complicated phenomenon that is influenced by a wide range of
meteorological, oceanic, and geographical factors, making it challenging to predict. This study makes use of
a variety of machine learning algorithms, such as Support Vector Machine (SVM) and Random Forest
classifier, as well as data pretreatment techniques, feature selection, model selection, and evaluation. The aim
of the project is to develop the most accurate rainfall forecast model feasible by utilizing feature selection and
machine learning techniques. While the Random Forest classifier obtained 84% accuracy by using ensemble
learning and decision trees, which are excellent at capturing complicated correlations in data, the SVM only
reached 83% accuracy by specifying a linear decision boundary, possibly restricting its ability to handle
sophisticated data patterns.

Keywords: Rainfall prediction, Random Forest Classifier, Support Vector Machines, machine learning,
Decision tree, Ensemble Learning, Accuracy, Evaluation.

I.  INTRODUCTION

Predicting rainfall is important for many reasons, including agriculture, managing water resources, disaster
planning, and more. Farmers may optimize crop productivity and save water consumption by planning their
planting and irrigation schedules with accuracy and timeliness in mind when rainfall patterns are predicted.
Predicting rainfall helps with reservoir management, flood control, and drought mitigation techniques in the
field of water resource management. Furthermore, reliable forecasts help communities prepare for disasters
by enabling them to plan ahead and execute evacuation strategies during periods of intense rainfall. In
addition, industries like construction, renewable energy, and transportation depend on rainfall forecasts to
maximize productivity and guarantee security. Rainfall prediction is still evolving and making a substantial
contribution to many different industries thanks to developments in data gathering and modelling approaches.
This eventually improves decision-making processes and encourages sustainable development.
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Il. LITERATURE SURVEY

In the [1] paper authorized by Md. Mehedi Hassan, Abu Tareq Rony, Md. Asif Rakib Khan. In order to
improve prediction accuracy and preparedness and reduce the risks associated with weather-related disasters,
this paper uses machine learning to predict rainfall. It offers insightful information on rainfall patterns, which
improves resource allocation and planning. The [2] paper authorized by Kaushik Dutta, Goutham P. The study
shows that in comparison to conventional techniques, machine learning and neural networks can more
accurately forecast rainfall patterns. It draws attention to how these models might improve rainfall forecasting
and guide decision-making across a range of industries that depend on meteorological forecasts. The [3] paper
authorized by Chandra Segar Thirumalai, k Sri Harsha, M Lakshmi Deepak, k Chaitanya Krishna. This work
explores the use of ml approaches for heuristic rainfall prediction and demonstrates their effectiveness in
precipitation pattern forecasting. For the benefit of numerous industries depending on weather forecasts, it
emphasizes the value of data-driven methods for raising the accuracy of rainfall predictions. The [4] paper
authorized by B. Revathi, C. Usha rani. This research suggests a strategy that combines the IDA and CART
modules. The advantage of CART over IDA is that it can provide rules with a higher degree of accuracy,
which results in statistically significant increases in predictive accuracy. Unaffected by prior rules, CART's
iterative rule generation process produces better outcomes, proving it to be the most accurate algorithm for
rainfall prediction. The [5] paper authorized by Nor S Rani, Abdul Hadi Abd Rahman, Afzan Adam, Israa
Shlash, Mohd Aliff. By combining many models in ensemble learning techniques to predict rainfall, this work
aims to increase forecasting accuracy and reliability, which will aid in decision-making in weather-dependent
sectors. The [6] paper authorized by Jeyadevan Sugadevan, Subha V, Dr. Ganganagunta Srinivas. This paper
proposes a hybrid ML model for rainfall prediction that integrates multiple ML approaches to increase
forecasting accuracy and reliability. By combining many methodologies, the model enhances performance
and facilitates improved resource allocation and preparedness for weather-related events. The [7] paper
authorized by Atta-Ur Rahman, Sagheer Abbas, Mohammed Gollapalli, Rashad Ahmed, Shabib Aftab, Munir
Ahmad, Muhammad Adnan Khan, Amir Mosavi. This research aims to improve weather forecasting accuracy
for urban planning and management by combining ML techniques to construct a rainfall prediction system
for smart cities. The findings show that the ML fusion method increases the precision of rainfall predictions,
promoting resilience and well-informed decision-making in urban settings. The [8] paper authorized by
Muhamad Taufiqg Anwar, Saptono Nugrohadi, Vita Tantriyati, Vikky Aprelia Windarni. By utilizing pre-
established rules and patterns in meteorological data, this research attempts to create a rule-based machine
learning method for rain prediction. The [9] paper authorized by Nadia Dwi Puji Lestari, Esmeralda Contessa
Djamal. In order to efficiently incorporate both geographical and temporal relationships in meteorological
data, this paper integrates recurrent neural networks and spatial convolutional neural networks to increase the
accuracy of rainfall prediction. The[10] authorized by Soumili Ghosh, Mahendra Kumar Gourisaria, Biswajit
Sahoo & Himansu Das. By merging many models and utilizing their combined strengths to offset individual
deficiencies, this research paper seeks to develop an efficient ensemble learning technique for rainfall
prediction. This will ultimately improve prediction accuracy and reliability for real-world weather forecasting
applications.

I11.  PROPOSED SYSTEM

The dataset used in this study consisted of eleven years' worth of regular weather readings from several
Australian weather stations. The study sought to determine the most effective classification model for
predicting whether or not it would rain tomorrow using a range of characteristics extracted from the dataset.
Using effective feature engineering techniques, the researchers aimed to identify the most pertinent factors
that would facilitate the creation of highly accurate prediction models. 49 weather stations supplied data that
the Australian Bureau of Meteorology automatically collected between 2007-11-01 and 2017-06-25. For
instance, the aim variable to forecast is whether or not it will rain tomorrowThe overall architecture outlined
in this article includes the following essential elements Data Collection, Data preprocessing, Feature
Selection, Model Selection, Model Evaluation, Optimization and prediction. The detailed process that has
been followed during this investigation is depicted in Figure 1.
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Fig 1. Block Diagram of a Proposed Work

Step 1 (Data Collection and Preprocessing) - Eleven years of meteorological data from several Australian

weather stations were used in this study to forecast whether or not it would rain tomorrow. The aim variable
in the dataset was the binary result of rain falling on the following day. The values were automatically gathered
by the Australian Bureau of Meteorology from 49 weather stations between November 1, 2007, and June 25,
2017.Data preparation is an essential step in the data analysis and modelling pipeline. By addressing typical
issues including noisy data, missing values, and superfluous features, proper preprocessing can help extract
more reliable and accurate insights from the data.

Step 2 (Feature Extraction) - At this point, the important things that have a big impact on the rainfall are
identified. It is crucial because it influences how one approaches problem-solving.

F1: Date

F2: Location

F3: Temperature
F4: Sunshine

F5: Pressure

F6: wind dust speed
F7: Evaporation
F8: Humidity

F9: Cloud.

Step 3 (ML Models Selection &Training) - Modern machine learning models for categorization were
selected for the current investigation and run on the rainfall dataset. The machine learning models assessed in
this study comprise:

a. Random forest classifier - Random Forest Classifier can handle complicated datasets and produce
precise predictions, it is a powerful ML technique that is frequently used to predict rainfall. During
training, a Random Forest Classifier builds several decision trees in the context of rainfall prediction.
With a random subset of the available data and a random subset of the characteristics (variables) at
each node, each decision tree is constructed. The algorithm makes a final forecast during prediction
by combining the predictions made by each individual decision tree. When using an ensemble
approach instead of a single decision tree, the forecasts are typically more reliable and accurate. The
forecast made by random forests is more accurate and reliable.
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Fig:2 random forest classifier.

Figure 2 provides an explanation of the relationships seen in meteorological data, which enable accurate
rainfall forecasting. The classifier can detect minute patterns and trends that indicate impending rainstorms
by combining a number of climatic indicators with the collective knowledge gathered from the collection of
decision tree.

b.Support Vector Machine - SVMs are able to accurately predict rainfall patterns by capturing complex
correlations between meteorological variables through this method. A key factor in determining the decision
boundary or regression function that the Support Vector Machine (SVM) learns is the kernel function that is
used, such as linear, polynomial, radial basis function (RBF), or sigmoid. The main idea underlying Support
Vector Machines (SVMs) is margin maximization: in classification tasks, the algorithm looks for the
hyperplane that best divides data points into distinct classes; in regression tasks, it looks for the hyperplane
that best predicts continuous values. All the while, it maximizes the margin between classes. The margin is a
measure of the separation between the closest data points from each class and the decision border, or
hyperplane. SVMs minimize the risk of overfitting by optimizing the margin, which also allows them to
generalize to new data and be resilient against noise.
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Fig:3 support vector machine architecture.

SVM selects the extreme vectors and points to aid in the creation of the hyperplane. The algorithm is referred
regarded as a Support Vector Machine since these extreme situations are known as support vectors. Examine
the fig3, where a decision boundary or hyperplane is used to classify two distinct categories.

Step 4 (Model Evaluation) - During this stage, the rainfall data collected in stage 1 underwent cross-
validation to train the specified ML models. The efficiency of the models in capturing rainfall patterns and
producing precise forecasts can be assessed by contrasting model predictions with actual rainfall
measurements. This information can be used to inform model selection and refining efforts.
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IV. RESULTS
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Fig: 8 scatter plot

The above figures from 4 to 8 are outputs of the executed code. The box plot highlights the median, quartiles,
and outliers while offering a succinct synopsis of the data distribution. The line plot helps to visualize
sequential data changes by illuminating temporal trends. In the meanwhile, the scatter plot shows relationships
between two continuous variables, which helps in the identification of patterns and correlations, and the
histogram provides insights into the frequency distribution of numerical data.

[JCRT2405541 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | f66


http://www.ijcrt.org/

www.ijcrt.org © 2024 IJCRT | Volume 12, Issue 5 May 2024 | ISSN: 2320-2882
V. REPORTS
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Table.1 rainfall prediction model comparisons
S. Name of the Algorithm Accuracy
No Score
1. Random Forest Classifier | 0.84

2. | Support Vector Machine 0.83

From the above reports, it was concluded that when testing both models for rainfall prediction observed from
table 1 Support Vector Machine, Random Forest Classifier, the random forest classifier achieves highest
accuracy of 84% when comaped to supprort vector machine.

VI. CONCLUSION

In rainfall prediction, the random forest classifier methode shows better accuracy than the support vector
machine (SVM), with an accuracy of 84% as opposed to 83%. This shows that the random forest approach is
more appropriate for prediction of rainfall task, probably because it can handle interactions and nonlinear
relationships between predictor variables more skilfully, improving prediction accuracy. To pinpoint the
precise causes of this performance discrepancy and refine the model's parameters for even greater outcomes,
more investigation might be required.
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VIl. FUTURE SCOPE

Advances in machine learning and data integration, such as merging satellite imagery, meteorological data,
and climate models, show promise for the future of rainfall prediction. Predicting rainfall patterns at different
spatial and temporal scales will become easier and more precise with the application of cutting-edge
technology like artificial intelligence and big data analytics, as well as improved knowledge and modelling of
complicated atmospheric dynamics. These advancements are essential for promoting sustainable agriculture,
lessening the effects of climate change, and helping global disaster relief operations.

VIIl. REFERENCES

[1] M. M. Hassan et al., "Machine Learning-Based Rainfall Prediction: Unveiling Insights and Forecasting
for Improved Preparedness,” in IEEE Access, vol. 11, pp. 132196-132222, 2023, Doi:
10.1109/ACCESS.2023.3333876.

[2] Dutta, Kaushik & P, Gouthaman. (2020). Rainfall Prediction using Machine Learning and Neural
Network. International Journal of Recent Technology and Engineering (IJRTE). 9. 1954-1961.
10.35940/ijrte.A2747.059120.

[3] Thirumalai, Chandra Segar & Harsha, K & Deepak, M & Krishna, K. (2017). Heuristic Prediction of
Rainfall Using Machine Learning Techniques. 10.1109/ICOEI.2017.8300884.

[4] Revathi, B. & .C, Usharani & Prof, Asst. (2021). RAINFALL PREDICTION USING MACHINE
LEARNING CLASSIFICATION ALGORITHMS. Journal of Creative Communications. 9. 2320-2882.

[5] Nor Samish Sani, Abdul Hadi Abd Rahman, Afzan Adam, Israa Shlash and Mohd Aliff, “Ensemble
Learning for Rainfall Prediction” International Journal of Advanced Computer Science and Applications
(NACSA), 11(11), 2020.

[6] "A Hybrid Machine Learning Model for Rain fall Prediction”, International Journal of Emerging
Technologies and Innovative Research (www.jetir.org), ISSN:2349-5162.

[7] Rahman AU, Abbas S, Gollapalli M, Ahmed R, Aftab S, Ahmad M, Khan MA, Mosai A. Rainfall
Prediction System Using Machine Learning Fusion for Smart Cities. Sensors (Basel). 2022 May 4,22(9):3504.
Doi: 10.3390/s22093504. PMID: 35591194; PMCID: PMC9099780.

[8] Anwar, Muhamad & Nugrohadi, Saponi & Tantriyati, Vita & Windarni, Vikky. (2020). Rain Prediction
Using Rule-Based Machine Learning Approach. Advance Sustainable Science, Engineering and Technology.
2. 10.26877/asset.v2i1.6019.

[9] N. D. Puji Lestari and E. Contessa Djamal, "Rainfall Prediction using Spatial Convolutional Neural
Networks and Recurrent Neural Networks,” 2022 International Conference on Data Science and Its
Applications (ICODSA), Bandung, Indonesia, 2022, pp. 12-17, doi: 10.1109/ICoDSA55874.2022.9862821.

[10] Ghosh, Soumili & Gourisaria, Mahendra & Sahoo, Biswajit & Das, Himansu. (2023). A pragmatic
ensemble learning approach for rainfall prediction. Discover Internet of Things. 3. 10.1007/s43926-023-
00044-3.

11.implementation of crop water requirement using machine learning
22.https://scholar.google.com/citations?view_op=view_citation&hl=en&user=sHqgjOclAAAAJ&cstart=20&
pagesize=80&citation_for_view=sHqjOcCIAAAAJ.KNAY Ix-mwKoC
13.https://scholar.google.com/citations?view_op=view_citation&hl=en&user=sHqj0clAAAAJ&cstart=20&
pagesize=80&citation_for_view=sHqjOCIAAAAJ.7PzIFSSx8tAC
14.https://scholar.google.com/citations?view_op=view_citation&hl=en&user=sHqj0clAAAAJ&cstart=20&
pagesize=80&citation_for_view=sHqjOclAAAAJ:L8Ckcad2t8MC.

IJCRT2405541 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] f68


http://www.ijcrt.org/

