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Abstract

Rainfall prediction is critical for agricultural planning, water resource management, and disaster
preparedness, particularly in regions vulnerable to climate variability. Traditional forecasting techniques
often struggle to capture the non-linear and complex dynamics of meteorological data. This study developed
machine learning models to improve rainfall prediction using historical data obtained from the Nigerian
Meteorological Agency, which includes climatic variables such as temperature, wind speed, humidity, and
prior rainfall. After preprocessing and normalization, the dataset was divided into training (80%) and testing
(20%) subsets. Four algorithms, such as Support Vector Regression (SVR), Extreme Gradient Boosting
(XGBoost), Random Forest (RF), and Deep Neural Network (DNN), were implemented and evaluated using
regression metrics such as R?, Mean Squared Error, and Mean Absolute Error. The results show that RF and
XGBoost achieved moderate accuracy, with R? values below 0.87. SVR performed better, reducing error
significantly (MAE = 0.6839, MSE = 13.8717, R? = 0.893). The DNN model outperformed all others,
achieving very low error (MAE = 0.2334, MSE = 0.1956) and near-perfect accuracy (R? = 0.9985). These
findings demonstrate the superior capacity of deep learning approaches to model complex rainfall patterns
compared to traditional ensemble and regression methods, while SVR remains a reliable alternative. The
study recommends that stakeholders in meteorology and agriculture adopt advanced machine learning
models for improved decision-making. Future research should incorporate high-resolution satellite data and

ground station records for hybrid modeling and employ techniques such as SHAP and LIME.
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1 Introduction sustainable development. However, forecasting

Rainfall is a vital meteorological phenomenon that rainfall remains a formidable challenge due to the

profoundly affects both human society and the complex, non-linear interactions among
natural ecosystem. In Nigeria, where agriculture, atmospheric variables, topography, and regional
water resource management, and disaster climate dynamics (1).

preparedness are closely tied to seasonal rainfall

patterns, accurate prediction is essential for
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Traditional statistical models and basic machine
learning techniques often fall short in capturing
these intricacies, especially during extreme weather
floods and droughts. The

consequences of poor rainfall prediction are far-

events such as

reaching: disrupting agricultural productivity,

weakening disaster response systems, and
threatening food and water security. In regions with
limited meteorological infrastructure and diverse
climatic zones, such as Nigeria, the challenge is
further compounded by sparse high-quality data
and inconsistent spatial coverage (2). Accurate
rainfall forecasting plays a pivotal role in policy
and climate

making, infrastructure planning,

resilience. It enables informed decisions in
irrigation scheduling, flood control, and early
warning systems. Recent advances in machine
learning have shown promise in overcoming
traditional limitations by learning complex patterns
from historical data. However, the effectiveness of
these models depends heavily on proper data
selection, and

preprocessing, feature

hyperparameter optimization.

There is a growing consensus among researchers

that adaptive and robust machine learning

approaches, particularly those capable of
generalizing across different regions and timescales,
are urgently needed to improve forecast accuracy
and reliability. Recent studies have demonstrated
that models such as Support Vector Machines
(SVM), Artificial Neural Networks (ANN), and
Adaptive Neuro-Fuzzy Inference Systems (ANFIS)
outperform conventional methods in tropical
settings like Nigeria (1,2). Many researchers have
worked on predicting rainfall; for instance, Khan et
al.compared four machine learning models, which
are: Logistic Regression, Decision Tree, Multi-
Layer Perceptron (MLP), and Random Forest for
rainfall prediction in Aligarh City using a 10-year
NASA POWER dataset. Logistic Regression and
MLP performed best, with Logistic Regression

achieving 82.80% accuracy and MLP showing
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superior precision (82.80%), recall (79.40%), and
F1 score (80.30%) for positive rainfall cases. The
study highlights MLP’s strength in detecting
rainfall events and supports its use in climate-
sensitive forecasting (3). Aizansi et al. (2024)
applied MLP and LSTM models to predict monthly
rainfall in the Republic of Benin using 63 years of
data (1959-2021) from six weather stations,
sourced from METEOBENIN and the Climate Data
Store (CDS). Model performance was evaluated
using RMSE, MAE, MAPE, R? and NSE. Results
showed that MLP slightly outperformed LSTM,
with RMSE ranging from 39.35-72.41 mm and R?
up to 0.912. LSTM showed comparable accuracy
but slightly higher error margins. The study
confirms the effectiveness of deep learning models
for long-term rainfall forecasting in West Africa (4).
Ridwan et al. evaluated four machine learning
models—Bayesian Linear Regression, Boosted
Decision Tree Regression (BDTR), Decision Forest
Regression, and Neural Network Regression—for
rainfall forecasting in Terengganu, Malaysia, using
data from 10 weather stations. BDTR emerged as
the most accurate model, especially under Method
1 (ACF), achieving high R? values across daily
(0.55-0.97), weekly (0.84-0.99), 10-day (0.80—
0.99), and monthly (0.91-0.99) predictions. Cross-
validation and hyperparameter tuning significantly
improved performance. Method 2 (Projected Error)
also favored BDTR, confirming its reliability for
weekly rainfall error correction. Moreover, it was
confirmed that input features consistently enhanced
model accuracy (5). Zhang et al. proposed a hybrid
deep learning model, which is SCSSA-CNN-
BILSTM, for monthly rainfall prediction using data
from Xi’an City (1996-2020). The model integrates
SCSSA  for CNN for
extraction, and BILSTM for temporal dependency
study compared SSA-CNN-
BILSTM, CNN-BILSTM, and SCSSA-BILSTM;

the proposed model achieved the highest accuracy

optimization, feature

modeling. The

(6). Peeriga et al. proposed a Bi-Directional LSTM
(Bi-LSTM) model for real-time rainfall prediction
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in agricultural contexts, leveraging Al and IoT
technologies. The model is trained on historical
weather data from the India Meteorological
Department, incorporating key variables such as
temperature, humidity, wind speed, and
precipitation. The model performance was assessed
using RMSE, MSE, and MAE, demonstrating
strong predictive accuracy. Descriptive statistics
(mean, standard deviation, min, max) were used to
characterize the dataset and highlight its variability,
which is essential for reliable forecasting. The
study underscores the effectiveness of Bi-LSTM in
capturing temporal dependencies critical for
accurate rain prediction in precision agriculture (7).
Aiyelokun et al. explored the use of Random Forest
(RF) to correct biases in Climate Forecast System
(CFSR) data for

modeling in Nigeria’s Ogun River basin. By

Reanalysis water resource
integrating monthly climate variables such as
relative humidity, temperature, and rainfall from
both CFSR and nearby weather stations, the RF
model generates bias-reduced datasets (RF-CFSR)
that closely align with observed seasonal patterns.
The approach significantly improves accuracy
metrics, including mean absolute error and
correlation coefficients, making RF a viable
alternative to traditional bias correction methods
like quantile mapping (8). Despite the growing
global interest in applying machine learning (ML)
techniques to rainfall prediction, studies conducted
in Nigeria remain limited in both scope and
methodological depth. Most existing Nigerian
research has relied on traditional ML models such
as Random Forest (RF), Support Vector Regression
(SVR), and XGBoost, with occasional exploration

of Deep Neural Networks (DNN). While these
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approaches have achieved moderate success,
several critical gaps persist. Notably, datasets
produced by Nigerian meteorological agencies have
not been systematically leveraged, with many
studies depending instead on generalized or
international datasets. This lack of localized data
integration reduces the contextual accuracy and
practical relevance of current models, underscoring
the need for a comparative study that evaluates
advanced ML approaches using authentic Nigerian
rainfall datasets. In response to this need, this study
develops and evaluates four machine learning
algorithms for predicting rainfall amounts using
historical meteorological data from Nigeria. The
goal is to enhance predictive accuracy, support
proactive resource planning, and contribute to
climate-informed decision-making in agriculture

and disaster management.

2 Methodology
This study employs a data-driven approach to
develop a rainfall prediction model using SVM,
XGBoost, and RF algorithms. The process includes
data acquisition, preprocessing, feature extraction,
model evaluation, and

training, comparative

analysis.

Data Collection for the study
Rainfall and meteorological data were obtained
from the Nigerian Meteorological Agency (NiMet)

(https:/nimet.gov.ng/datarequest) covering a 4-year

period at Ikeja’s Murtala Muhammed Station. The

key features include rain rate, rainy days,
evaporation, precipitation, and minimum/maximum
average temperatures. The study’s workflow is

illustrated in Figure 1.
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Pre processing

Model development

Random Forest

¢

Model Validation: RMSE, MAE, & MSE

Figure 1: workflow of the study

Data Preprocessing
The raw dataset underwent cleaning to address
missing values, outliers, and inconsistencies.
Feature through

standardization was applied to ensure consistency

scaling normalization  or

across variables, particularly for magnitude-
sensitive algorithms. For time series modeling,
temporal features were converted into lag
sequences to capture dependencies. Finally, the
data was partitioned into training and testing sets

for model evaluation.

Model Development

This study follows a structured machine learning
workflow to build accurate rainfall prediction
models. Four algorithms were implemented: SVR,
XGBoost, RF, and DNN.

SVR is a regression-based extension of Support
Vector Machines (SVM), designed to predict
continuous outcomes. Unlike traditional regression,
SVR employs an g-insensitive loss function, which

ignores errors within a defined threshold and

emphasizes fitting data within a margin of tolerance
rather than minimizing all deviations (9) as shown

in equation 1

=21 (o ) Gir)tb (1)

Where: y: Predicted output value for a given input x,
N: Total number of training data points a;, o :
Lagrange multipliers obtained during training. They
control the influence of each support vector. x;:
Support vector (a training sample). x: The input
data point we want to predict for, and b: Bias term

(intercept), also learned during training.

XGBoost is

algorithm that constructs DT sequentially to

a powerful ensemble learning
minimize prediction error and enhance model
accuracy. It is widely recognized for its scalability,
speed, and superior performance in structured data

tasks (10), see equation (2).

PO |
giti= =X fkF (2)
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Where:
§i : The predicted value for the i-th
observation/sample

i: The index/identifier for a specific data point or
observation

T: Total number of boosting rounds/iterations

k: The iteration/round index in the boosting process
fF: Total number of trees/weak learners in the final
ensemble

fk: The k-th weak learner (decision tree) in the
ensemble

F: Appears to be a notation for the final ensemble

or the space of all possible tree functions

RF is

constructs multiple decision trees and aggregates

an ensemble learning technique that
their outputs to enhance prediction accuracy and
reduce overfitting. By using bootstrap sampling and
selection, it model

random feature ensures

robustness and generalization across diverse

datasets (11), see equation (3)
A~ 1 N
JRF=-XL, 9t (3)

Where:

JRF: The final prediction made by the Random
Forest model.

T: The total number of decision trees in the forest.
gt : The prediction made by the t individual

decision tree ht(x).

1

T The normalization factor to compute the

average (mean) prediction from all trees

DNN is a multilayered artificial neural network

designed to capture complex  nonlinear
relationships between variables. Its depth enables
hierarchical feature learning, making it highly
effective for tasks like rainfall prediction involving
multiple interacting meteorological factors (12), see

equation (4)

g=f(W® 2D+ ph) (4
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Where:

¥: The final prediction made by the DNN

L: Total number of layers in the network

wh . Weights of the last layer

a(l-D: Activations from the second to the last layer

b: Bias term of the last layer
f: Activation function (e.g., sigmoid, ReLU,

softmax, depending on the task)
Model Validation

MSE is a widely used loss function in model
training, particularly for regression tasks. It
calculates the average of the squared differences
between predicted and actual wvalues, helping
quantify prediction accuracy by penalizing larger

errors more heavily (13), see equation (5)

MSE=13,(y,9)" ()

Where:

y, represents the observed (actual) value for the i-th
data point.

y, represents the predicted value for the i-th data
point.

n is the total number of samples (or data points) in
the dataset.

MAE is a widely used metric for evaluating
regression models. It measures the average absolute
difference between predicted and actual values,
with lower MAE indicating higher prediction

accuracy, see equation (6)

1 ~

MAE:; 111:1|yi_yi| (6)

Where:

y, or alternatively YiYjo MSL,: Actual (observed)

value for the i-th (or t-th, j-th) data
y, or alternatively §/t,§/j, MSL,,: Predicted value for

point

the i-th (or t-th, j-th) data point

n: total number of data points

(samples/observations).
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(R?, or the coefficient of determination, measures
how well a regression model explains the variance
in the dependent variable. A higher R? indicates
that the model’s predictors account for a greater
proportion of the outcome variability, reflecting

better fit and predictive power (14), see equation (7)

Z?ZI(RO'RP)Z
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R,: Observed daily rainfall
R,: Predicted daily rainfall

R,: Mean of observed rainfall

3 Results and Discussions

The sample weather dataset used for Nigerian
rainfall prediction includes features such as 'Date’,
'Evaporation', 'MaxTemp', 'MinTemp', 'RainRate',

and 'Rainfall', as illustrated in Figure 2.

-l sy O

Where:

E Date Evaporation MaxTemp
0 2021-01-01 20 34.0
1 2021-01-02 2.1 34.2
2 2021-01-03 20 336
3 2021-01-04 2.0 34.4
4  2021-01-05 20 34.0

MinTemp RainRate Rainfall
241 0.0 0.0
25.0 0.0 0.0
232 0.0 0.0
23.7 0.1 1.9
219 0.0 0.0

Figure 2: Sample of weather dataset

The Results of the Dataset Split

The dataset used was divided into two 80% training and 20% testing. The visualization of the split is shown

in Figure 3
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Figure 3: Data split
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Rainfall Predictive Model Developed for Nigeria
The result of the RF model developed for rainfall
prediction in Nigeria demonstrates strong
performance across key evaluation metrics, as seen
in Table 1. These results indicate that the RF model
effectively captures the underlying patterns in the
meteorological data, with a relatively low error
margin and a high degree of explained variance. An

R? value of 0.8601 suggests that approximately 86%

Table 1: RF Model development result
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of the variability in rainfall can be accounted for by
the model’s predictors, which reflects a robust fit.
This aligns with findings from Obisesan, who
reported RF as the top-performing model for
predicting meteorological variables in tropical
regions, achieving high R? values and low MAE
across temperature, humidity, and wind speed

forecasts (15).

1 MSE 18.2274
2 MAE 1.1334
3 R? 0.8601

The scatter plots visualize how well each model's
predictions align with the actual rainfall values in
the test set. The red dashed line represents the ideal
scenario where predicted rainfall exactly matches
actual rainfall. Points that fall directly on this line
indicate perfect predictions. Points above the red

dashed line: These points represent instances where

the model over-predicted the rainfall, while the
points below the red dashed line: These points
the model
predicted the rainfall. The RF developed shows

some spread around the line, indicating that while it

represent instances where under-

captures the general trend, there are instances of

both over- and under-prediction as seen in Figure 4
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XGBoost Regressor

The evaluation of the model for rainfall prediction
revealed an MSE value of 20.59, an MAE value of
1.0391, and R? value = 0.8420. This demonstrates a
high level of predictive accuracy and model
reliability. The MSE value of 20.59 indicates a low
average

squared error, suggesting the model

effectively minimizes large prediction deviations.

Table 2: XGBoost Regressor Evaluation
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The MAE value of 1.0391 reflects a small average
absolute error, meaning predictions are, on average,
just over 1 mm off actual rainfall values, and the R?
value of 0.8420 shows that 84.2% of the variance in
rainfall is explained by the model’s features, which
is considered strong in environmental forecasting as

seen in Table 2.

1 MSE 20.59
2 MAE 1.0391
3 R? 0.8420

The Scatter Plot

The scatter plots visualize how well each model's predictions align with the actual rainfall values in the test

set. XGBoost: Similar to Random Forest, the points are somewhat spread out, suggesting reasonable but not

perfect predictions as seen in Figure 5.

Scatter Plot: Actual vs Predicted Rainfall
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Figure 5: XGBoost scatter Plot
SVR Model These metrics reflect a highly accurate model with

The SVR model evaluated for rainfall prediction in
Nigeria demonstrates excellent performance, with
MSE = 13.8717, MAE = 0.6839, and R? = 0.8935.

minimal error and strong explanatory power. The
MSE value of 13.87 indicates a low average

squared error, suggesting the model effectively
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minimizes large deviations. The MAE value of 0.68
shows that predictions deviate from actual values
by less than 1 mm on average, which is highly

precise for meteorological forecasting. R? value of

Table 3: SVR Evaluation
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0.8935 reveals that nearly 89% of the variance in
rainfall is explained by the model, underscoring its

robustness and reliability as seen in Table 3.

1 MSE 13.87
2 MAE 0.68
3 R? 0.8935

The Scatter Plot

The scatter plots visualize how well each model's predictions align with the actual rainfall values in the test

set. The points for the SVR model appear to be slightly more clustered around the line compared to Random

Forest and XGBoost, suggesting potentially better performance as seen in Figure 6.

Actual vs Predicted Rainfall (SVR Model)
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Figure 6: SVR Scatter Plot
DNN Model suggesting the model rarely makes large prediction

The DNN model evaluated for rainfall prediction in
Nigeria demonstrates exceptional performance,
with MSE = 0.2193, MAE = 0.2868, and R* =
0.9983. These metrics reflect near-perfect accuracy,
indicating that the model captures almost all
variability in the rainfall data with minimal error.
The MSE value of 0.2193 is extremely low,

errors. MAE value of 0.2868 indicates that, on
average, predictions deviate from actual rainfall
values by less than 0.3 mm. R? value of 0.9983
implies that 99.83% of the variance in rainfall is
explained by the model, an outstanding fit as seen
in Table 4.
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Table 4 DNN Evaluation
1 MSE 0.2193
2 MAE 0.2868
3 R? 0.9983

The Scatter Plot

The scatter plots visualize how well each model's predictions align with the actual rainfall values in the test
set. The points for the DNN model are very tightly clustered around the red dashed line, indicating a very
high level of accuracy in its predictions. This reveals the R?, which was very close to 1 for the DNN as seen

in Figure 7.

Actual vs Predicted Rainfall
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Figure 7: DNN scatter Plot

The DNN training loss and Validation Loss
The plot shows the training and validation loss
MSE for the DNN model over 50 epochs, where

both training and validation loss decrease rapidly,

indicating that the model is learning. The overall
loss values are very low by the end of training,

indicating a good fit to the data, as seen in Figure 8
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Training and Validation Loss (50 Epochs)
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Figure 8: DNN training loss and Validation Loss

The Correlation Heatmap of weather features

The correlation matrix helps to identify which
features have strong linear relationships with each
other and with the target variable (Rainfall). This
information is valuable for understanding the data
and can inform feature selection for the models.
The Model reveals Positive values (closer to 1): the
high positive correlation between MaxTemp and
Evaporation (0.87) means that on hotter days,
evaporation tends to be higher. The strong positive
correlations among the Rainfall Lag features and
Rainfall Rolling features with Rainfall show that

past rainfall and recent average rainfall are good
indicators of current rainfall. Negative values
(closer to -1), the negative correlations between
Rainfall and Evaporation (-0.19) and MaxTemp (-
0.27)

evaporation are weakly associated with lower

suggest that higher temperatures and
rainfall. Values close to 0: Indicate a weak or no

linear relationship. The correlation between
MinTemp and RainRate (0.02) is very close to zero,
suggesting almost no linear relationship between
the minimum temperature and the rate of rainfall,

as seen in Figure 9.
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Figure 9: Correlation Heatmap of weather features

Features Importance

Feature importance is a technique that assigns a
score to input features based on how useful they are
at predicting the target variable. A higher score
means the feature has a greater impact on the
model's predictions. The analysis confirms that
temporal features like recent rainfall and rolling
averages are highly influential in predicting rainfall,
which is expected for time-series data.
Rainfall Rolling3 is the most important feature,

meaning the average rainfall over the past 3 days is

the strongest predictor of current rainfall.
Rainfall Lagl and Rainfall Lag2 are also very
important, indicating that the rainfall from the
previous one and two days significantly influences
the prediction. MaxTemp and MinTemp have some
importance, but less than the rainfall-related
features. Rainfall Rolling7, Rainfall Lag3, and
Evaporation have the lowest importance scores
among the features included in this model, as seen

in Figure 10.
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Feature Importance
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Figure 10: Feature Importance

Prediction With DNN Model
The DNN model appears to be the best-performing
model based on the evaluation metrics and scatter

plot visualizations, suggesting it is the most suitable

3v 1/1

Predicted Date:

for rainfall prediction in this context. The predicted
rainfall values for the next day and today provide
actionable insights for planning, as seen in Figure
11.

8s 34ms/step
2625-82-89

% predicted Rainfall for next day: 4.62 mm

1/1

Prediction for 2825-80-83:

@s 3Zms/step

# Estimated Rainfall: 4.62 mm
fusr/local/lib/python3.12/dist-packages/sklearn/utils/validatio

Figure 11: Rainfall prediction

4 Comparison of Model

The comparative evaluation of four machine
learning models, which are RF, XGBoost, SVR,
and DNN for rainfall prediction in Nigeria, reveals
distinct performance strengths, with DNN emerging
as the most accurate, as seen in Table 5. The
include MAE, MSE, and the

coefficient of determination (R?). DNN shows

metrics used
exceptional performance with the lowest MAE and
MSE and an R? of 0.9985, indicating near-perfect
with recent

prediction accuracy. This aligns

findings by El Hafyani et al., who reported that

deep learning models, especially when optimized,
outperform traditional ML algorithms in monthly
precipitation forecasting. SVR also performs well,
with an R? of 0.8935 and relatively low error values
(16). Lazri et al. found SVR to be highly effective
for short-term rainfall estimation using satellite data
particularly in regions with nonlinear climatic
patterns. XGBoost and RF deliver solid results,
though slightly less accurate than SVR and DNN
(17). In a comparative study carried out by
Budiarto & Supriyanto, XGBoost and RF were top

performers for daily rainfall prediction using

2
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automatic rain gauge data, but their R* values were
notably lower (0.505 and 0.4485, respectively),

Table 5: Results of comparison of models developed
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suggesting that model tuning and data quality

significantly affect outcomes (18).

MAE MSE R?
RF 1.1334 18.2274 0.8601
XGBoost 1.0391 20.5891 0.8420
SVR 0.6839 13.8717 0.8935
DNN 0.2334 0.1956 0.9985

5 Conclusion

The study successfully developed and applied
machine learning models to predict rainfall. The
findings highlight the critical role of selecting and
fine-tuning models for effective rainfall forecasting.
While ensemble methods such as RF and XGBoost
demonstrate consistent and dependable
performance, SVR offers a commendable trade-off
between simplicity and precision. Notably, DNNs
emerge as the most powerful approach, indicating
that deep learning should be at the forefront of
future rainfall prediction systems, particularly in
regions like Nigeria, where climatic patterns are
highly complex and variable. This aligns with the
broader comparative analysis by Kumar et al., who
found that although RF and XGBoost are robust
and interpretable, deep learning models, especially
DNNs and LSTMs, are superior in modeling
intricate temporal and nonlinear dynamics in
rainfall data. These insights reinforce the present
study’s conclusion: DNNs significantly outperform
other models in predictive accuracy. Future
research should incorporate high-resolution satellite
for hybrid

modeling, and employ techniques such as SHAP,

data and ground station records
LIME, or attention mechanisms to enhance the
interpretability of deep learning predictions for

policymakers and meteorologists
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