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Abstract: Accuraterainfall prediction is critical for agricultural planning and water resource management in
agrarian regions. This study presents a comparative analysis of three machine learning models—Decision
Tree (DT), SVM, and K-Nearest Neighbors (KNN)—for predicting monthly rainfall in the Rajnandgaon
digtrict of Chhattisgarh, India. Historical meteorologica datawas sourced from the NASA POWER repository
and preprocessed to handle missing values, outliers, and feature scaling. The models were implemented in
Python and evauated using standard metrics: Coefficient of Determination (R2), Root Mean Squared Error
(RMSE), Mean Squared Error (M SE), and M ean Absolute Error (MAE). Results demonstrated that the
KNN model outperformed the others, achieving the highest R2 value (0.81) and the lowest errors (RM SE:
61.30 mm, MAE: 38.16 mm). Based on its superior performance, the KNN model wasemployed to forecast
monthly rainfall for the period 2023—2028, revealing significant inter-annual variability. Thefindingsindicate
that KNN is a highly effective tool for rainfall prediction in this region, offering valuable insights for
stakeholdersin agriculture and water management to enhance climate resilience and decision-making. And
KNN isused to forecast Average monthly rainfall from 2023 to 2028.

Keywords: Rainfall Prediction, Rginangaon, Machine Learning, KNN, Support Vector Machine, Decision
Tree

I ntroduction

Rainfall is incredibly important for life and the economy, especially in farming regions like
theRajnandgaon district of India. The amount and timing of rain directly affects crop success,
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income, and access to water for many people. Unpredictable rain can lead to droughts or
floods, causing serious problems for the community. Therefore, finding ways to predict
rainfall accurately is a crucial task for farmers and planners.

Traditional weather forecasting methods can be complex and are not always perfect for
predicting local rain patterns. Thisiswhere modern technology can help. Machine Learning
(ML) is a type of artificial inteligence that allows computers to learn from past weather
data to find patterns and make predictions. Models like Decision Tree, SVM, and KNN are
particularly useful for this job because they can handle complex relationships in nature and
providereliable forecasts.

This study focuses on using these three machinelearning modes—Decision Tree, SVM,
and KNN—to predict monthly rainfall in Rajnandgaon district. The main goal is to test
these modd's using historical weather data, compare their accuracy, and identify which one
is the most accurate. This best-performing model will then be used to forecast monthly
rainfall for the next six years. An accurate long-term forecast can serve as a powerful tool
for the district, helping everyone from farmers to local officials make better decisions and
prepare for the future.

Materials and Methods
Study Area and Data Collection

Description of the Sudy Area: This study is conducted in the Rajnandgaon district, located
in the southern part of the state of Chhattisgarh, India. It lies between latitudes 21°10' N
and longitudes 81°03' E. The district covers a total geographical area of approximately
8,70 square kilometers. Theclimate of Rajnandgaon is classified as tropical, characterized
by a hot summer, a humid monsoon, and mild winter. The district receives the majority of
itsannual precipitation from the southwest monsoon, which typically occurs between June
and September. The average annual rainfall is around 1,200 mm, but it exhibits high
spatial and temporal variability. Thisvariability makes accurate prediction crucial for the
district’s economy, which is predominantly agrarian. Key cropsinclude paddy rice, maize,
and pulses, all of which are heavily dependent on the timing and amount of monsoon
rainfall. Therefore, Rajnandgaon serves asa highly relevant and critical sitefor astudy on
rainfall prediction.

Data Collection and Preprocessing

Data Collection: This study will utilize historical meteorological datato develop and train
themachinelearning moddls. Theprimary datasourcefor thisresearchisthe NASA Prediction
of Worldwide Energy Resources (POWER) project, accessiblethroughits DataAccess Viewer
(https://power.larc.nasa.gov/data-access-viewer/).
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M ethodology
Data Preprocessing

Datapreprocessingisacritical prerequisitein machinelearning, encompassing thetechniques
used to organize, clean, and transform raw datainto a structured format suitablefor modeling.
This study will employ a multi-step preprocessing pipdine:

1. Handling Missing Values: Thedataset will be checked for missing or anomal ous entries.
Giventherdiability of theNASA POWER dataset, significant gaps are not anticipated.
However, any minor missing values will be addressed using appropriate imputation
techniques, such aslinear interpolation or time-series averaging, to preservetheintegrity
of the temporal sequence.

2. Outlier Detection and Treatment: Statistical methods and visualization tools (e.g., box
plots, interquartile range (IQR) analysis) will be used to identify potential outliers.
Theseoutlierswill beinvestigated to determineif they represent genuine extreme weather
events or data errors. Legitimate extremeswill beretained, while erroneous entries will
be corrected or removed.

3. Data Splitting: The preprocessed dataset will be partitioned into two subsets to ensure
robust evaluation:

o Training Set: 80% of the data will be used to train the machine learning models.
Thisallowsthea gorithmsto learn theunderlying patterns and re ationshi ps between
the input features and the target variable (rainfall).

0 Testing Set: The remaining 20% of the data will be held out and used exclusively
for testing the final models. This provides an unbiased evaluation of the models
performance and their ability to generalize to new, unseen data.

Analytical Methods and Model | mplementation

All data preprocessing, analysis, model development, and visualization will be conducted
using the Python programming language within a Jupyter Notebook environment. Python
offers a powerful and comprehensive suite of open-sourcelibrariesfor scientific computing,
including pandas for data manipulation, scikit-learn (sklearn) for machine learning,
and matplotlib and seaborn for visualization.

Three distinct machine learning a gorithms will be implemented and compared for the
task of monthly rainfall prediction:

1. Decision Tree (DT): A supervised learning algorithm that models decisions and
their potential consequences as a tree-like structure. It will be employed for its
interpretability and ability to capture non-linear relationships without requiring
extensive data preprocessing.
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2. Support Vector Machine(SVM): A powerful algorithmused for both classification
and regression tasks. For this continuous prediction problem, Support Vector
Regression (SVR) will be used. It works by finding a hyperplane in a high-
dimensional space that best fits the data while maximizing the margin of error
tolerance.

3. K-Nearest Neighbors (KNN): A simple, instance-based learning algorithm for
regression. It predicts the target variable for a new data point by averaging the
valuesof its‘k’ most similar neighbors in the training set. The optimal valuefor ‘K’
will be determined empirically.

Evaluation criteria: To compare the model accuracy the following given in Table 1
evaluation criteria have been used:

Table 1: Evaluation Criteria used to deter mine the best model

S. No Evaluation Criteria Formula
1 ~
1. Root Mean Square Error (RMSE) RMSE = RMSE = ﬁzi'il(yi —yi)?
1_n N
2. Mean squared Error (MSE) MSE = ﬁzizl |y, —vil

R =1— Zi’\il(yi - 9i)2

3. Coefficient of determination sN 2
i-1 ¥i

1 ~
4, Mean Absolute Error (MAE) MAE = E(yi —-yi)

y, and yf are the actual value and predicted value of the response variable and N is the
number of data points. The best-performing mode was then applied to forecast monthly
rainfall for Rajnandgaon for the years 2023 to 2028 using historical rainfall time series data
asinput.

Result and Discussion

To assess the predictive accuracy of three machinelearning algorithms-Decision Tree (DT),
Support Vector Machine (SVM), and K-Nearest Neighbors (KNN)-for monthly rainfall
estimation, a comparative analysis was conducted across the district Rajnandgaon. The
mode swererigorously evaluated using a set of standard statistical indicators: the Coefficient
of Determination (R?), Root Mean Squared Error (RMSE), Mean Squared Error (M SE),
and Mean Absolute Error (MAE). A summary of the performance metrics for each modd
across the three districts is presented in Table 2.
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Table 2: Performance comparison of Decision Tree, K-Nearest Neighbors (KNN), and Support Vector
Machine (SVM) models for monthly rainfall prediction in Rajnandgaon district of Chhattisgar h,
evaluated using R4, RM SE, M SE, and M AE

Decision Tree KNN SVM

R2 0.74 0.81 0.76

RMSE 70.95 61.30 67.86
MSE 5031.13 3757.76 4606.24

MAE 41.95 38.16 48.47

Among the three moddls, the K-Nearest Neighbors (KNN) algorithm demonstrated
superior performance across all evaluation metrics. It achieved the highest Coefficient of
Determination (R?) value of 0.81, indicating that it explains 81% of the variance in the
monthly rainfall data, whichisasignificantly better fit to the observed data than the Decision
Tree (R2=0.74) and SVM (R? = 0.76) models. Furthermore, the KNN modd registered the
lowest error rates, with an RM SE of 61.30 mm, an M SE of 3757.76, and an MAE of 38.16
mm. Theseerror metrics confirm that the KNN model's predictions are, on average, closer to
the actual observed rainfall values, with a smaller average magnitude of error and fewer
large outliers.

In contrast, the Support Vector Machine (SVM) model ranked second, with moderately
strong results. Whileits R? value of 0.76 is respectable, its higher error scores, particularly
an MAE of 48.47 mm, suggest its predictions have a larger average deviation from the
actual values compared to the KNN model. The Decision Tree (DT) modd performed the
least effectively of the three, yielding the lowest R? value and the highest error metrics,
including an RM SE of 70.95 mm and an M SE exceeding 5000.

In conclusion, based on this comprehensive evaluation, the K-Nearest Neighbors model
isidentified as themost accurate and reliablefor predicting monthly rainfall in this study. Its
optimal balance of high explanatory power and minimal prediction error makes it the
recommended modd for this application. The performance hierarchy of the modds, from
best to worst, is KNN, followed by SVM, and then Decision Tree.

Based onthe superior performance of theK-Nearest Neighbors (KNN) modd for rainfall
prediction, projections for the Rajnandgaon district were generated for the forecast period
spanning 2023 to 2028 in Table 3. Utilizing historical monthly rainfall data from 1991 to
2022, the modd produced estimates that indicate noticeable year-to-year variability in
precipitation. This variability aligns with the inherent climatic fluctuations characteristic of
theregion'stropical environment. The projections aim to providevaluable insightsfor water
resource management and agricultural planning in the district.
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Table 3: Forecasted M onthly Aver age Rainfall (mm) in Rajnandgaon District (2023-2028)

Month 2023 2024 2025 2026 2027 2028
January 13.20 33.60 12.70 17.50 11.60 32.00
February 14.80 11.10 18.80 14.50 13.40 19.00
March 10.60 5.80 6.50 6.00 10.50 6.10
April 14.90 19.30 21.40 19.40 7.80 16.50
May 2210 73.30 18.80 18.80 46.40 21.10
June 265.50 188.90 122.00 255.30 196.10 210.10
July 442.60 403.90 334.60 268.50 318.30 298.30
August 259.70 310.90 326.20 363.40 309.20 320.40
September 147.60 161.90 226.40 195.20 213.60 213.60
October 17.50 31.60 99.40 72.60 62.20 54.70
November 1.00 9.90 25.10 4.10 1.00 1.10
December 7.60 8.00 1.70 10.50 1.80 9.30
Total Monthly 1217.10 1258.20 1213.60 1245.80 1191.90 1202.20
average Rainfall

Conclusion

This research undertook a comparative analysis of three prominent machine learning
algorithms-Decision Tree (DT), Support Vector Machine (SVM), and K-Nearest Neighbors
(KNN)-for the purpose of predicting monthly rainfall in the Rajnandgaon district. The
objective was to identify the most effective and rdiable data-driven modd to address the
critical need for accurate rainfall forecasting in this agriculturally dependent region.

The evaluation, based on a rigorous set of statistical metrics, yielded a clear hierarchy
inmodel performance. TheK-Nearest Neighbors (KNN) algorithm consistently outperformed
its counterparts, registering the highest Coefficient of Determination (R?2=0.81). Thisindicates
that the KNN mode successfully explains approximately 81% of the variance present in the
historical rainfall data, signifying an excelent fit. Furthermore, it achieved the lowest error
values across al metrics: Root Mean Squared Error (RMSE = 61.30 mm), Mean Squared
Error (MSE = 3757.76), and Mean Absolute Error (MAE = 38.16 mm). Theseerror values,
which areexpressedin millimeters of rainfall, demonstrate that the KNN modd's predictions
have the smallest average deviation from the actual observed values, making it the most
accurate predictor.

In contrast, the Support Vector Machine (SVM) modd displayed moderate performance,
while the Decision Tree (DT) model was found to be the least accurate for this specific
dataset and prediction task. The superior performance of the KNN model can be attributed
to its inherent ability to effectively capture localized patterns and non-linear relationships
within the climate data without making strong underlying assumptions about the data's
distribution.
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Therefore, this study conclusively identifies the K-Nearest Neighbors algorithm as the

optimal modd for monthly rainfall prediction inthe Rajnandgaon district. Theimplementation
of this KNN-based forecasting tool can provide local farmers, water resource managers, and
policymakers with valuable insights, enabling more informed decision-making for crop
sdection, irrigation planning, and drought mitigation strategies, thereby enhancing theregion's
climate resilience.
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