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ABSTRACT As aresult of climate change, the difficulty in the prediction of short-term rainfall amounts has
become a necessary area of research. The existing numerical weather prediction models have limitations
in precipitation forecasting especially due to high computation requirements and are prone to errors.
Precipitation amount prediction is challenging as it requires knowledge on a variety of environmental
phenomena, such as temperature, humidity, wind direction, and more over a long period of time. In this study,
we first of all present our Lake Victoria Basin weather dataset and then use it to conduct a rigorous analysis
of machine learning algorithms to do short-term rainfall prediction. The rigorous analysis includes algorithm
optimizations to improve prediction performance. In particular, we validate our weather dataset using various
machine learning regression models which include Random Forest regression, Support Vector regression,
Neural Network regression, Least Absolute Shrinkage and Selection Operator regression, Gradient boosting
regression, and Extreme Gradient boosting regression. The performance of the models was evaluated
using Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). The findings demonstrate that,
in comparison to other algorithms, Extreme Gradient Boost regression has the lowest MAE values of 0.006,
0.018, 0.005 for Lake Victoria basin weather data in Uganda, Kenya, and Tanzania respectively.

INDEX TERMS Precipitation amount, weather prediction, data-driven approaches, short-term forecasting.

I. INTRODUCTION

Weather forecasts are extremely important as many industries
such as agriculture, shipping, engineering, construction,
natural disasters, aviation, and defence rely heavily on
weather dynamics for successful operations [1]. For example,
while deciding whether to plant, weed, or spray plants
or animals, a farmer has to know if it will rain or not.
When deciding whether to take off, pilots must carefully
consider the day’s weather forecast. The students and those
in other sectors, such as industries, need daily weather

The associate editor coordinating the review of this manuscript and

approving it for publication was Chao Tong

forecasts to make timely decisions. Precipitation is one
of the important measurement problems for many weather
forecasting applications. However, due to its high spatial and
temporal variability, precipitation is one of the most difficult
weather variables to predict. The chaotic nature of the
atmosphere makes accurate weather forecasting, particularly
precipitation amounts extremely difficult [2].

For short-, medium- and long-term climate forecasting,
numerical weather prediction (NWP) models are used. The
Weather Research and Forecasting (WRF) model is the
recommended numerical weather forecast model for Uganda,
with the ability to estimate daily, weekly and monthly
rainfall [3]. According to [4], this model is the most
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up-to-date and most widely used mesoscale model in the
world, by both the academic and operational forecasting
communities.

WRF model results can be automated and checked with
advanced tools such as atmospheric assessment models. This
simplifies configuration for operational use. It is important
to note that NWP models require large datasets [1], which
in turn requires expensive physical hardware and significant
computational power [5].

Currently, machine learning (ML) methods are being
explored in many other fields, with great success in image
processing [6], medical diagnosis [7], pattern recognition [8]
and time series prediction [9], weather forecasting in space
and time [10] and other fields.

In atmospheric science, where huge heterogeneous
databases exist and are accessible, data-driven techniques are
used. In [5], artificial intelligence (Al) is used by the US
National Oceanic and Atmospheric Administration (NOAA)
to improve the efficiency, accuracy, and synchronization
of NOAA services. One application of machine learning
techniques used by Météo-France is storm forecasting.
The UK’s European Centre for Medium-Range Weather
Forecasts (ECMWF) has used machine learning to improve
its numerical forecasts. In this work, we present the prospect
of advanced ML methods in weather forecasting, which can
replace numerical solutions to differential equations such
as [11].

One of the benefits of using machine learning for weather
and climate forecasting is reduced computing power [1].
Several researchers have used meteorological data from many
countries to perform experiments to improve daily, monthly,
and yearly precipitation prediction. Researchers used big data
analysis techniques [12], machine learning [13] and data min-
ing techniques [14] to increase the accuracy of daily rainfall
forecasts, monthly and yearly. Thus, researchers [7], [15],
[16], confirm that machine learning algorithms outperform
conventional deterministic methods in forecasting weather
and precipitation.

The authors in [17] predict daily rainfall in Ethiopia using
regression and classification algorithms such as Decision
Trees (DT), Support Vector Machines (SVM), K-Nearest
Neighbors (KNN), Multi-layer Perceptron (MLP) and Long-
Short-Term Memory (LSTM). Their results show that LSTM
significantly outperforms regression algorithms in predict-
ing daily precipitation. Researchers in [18] used various
deep learning and machine learning models to calculate
rainfall totals, predict rainfall frequency, and evaluate the
performance of regression and classification models. Their
approach outperforms other advanced techniques for predict-
ing precipitation.

The gradient boost regression (GBR) model is also effec-
tively used in [19]’s work to estimate daily evapotranspiration
and irrigation planning. In [20], authors applied statistical
and machine learning methods; multiple linear regression
(MLR), support vector regression (SVR) and least absolute
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shrinkage and selection operator (LASSO) for precipitation

forecasting. Notably, statistical methods were surpassed by

machine learning algorithms.

In this study, we experimented the effectiveness of different
machine learning methods in forecasting short-term hourly
rainfall amounts around the Lake Victoria basin in Uganda
using our published dataset [21] as a basis.

The study trained and tested six machine learning
regression algorithms namely; Random Forest (RF), Support
vector regression (SVR), Neural network regression (NNR),
Gradient boost regression (GBR), LASSO regression, and
Extreme gradient boosting regression (XGBoost) using the
Lake Victoria basin weather dataset with the purpose of
finding out the best performing regression model. From the
experiments XGBoost was the best performing model among
the models tested specifically in terms of forecasting hourly
precipitation amounts.

In addition, the XGBoost model was tested for general-
izability in areas with comparable weather patterns using
datasets from the Lake Victoria basin in Kenya and Tanzania.
XGBoost optimization model was still the best performing
model in these two adjacent nations.

The research contributions of this study are as follows:

(1) A review of machine learning models used for prediction
of weather conditions.

(ii)) An analysis of different machine learning models for
prediction of short-term rainfall amounts over the Lake
Victoria basin.

(iv) A statistical comparison of various machine learning
algorithms used for precipitation amount prediction.

(iv) A highlight of potential future study areas in the
application of machine learning to improve precipitation
amount predictions.

The rest of this paper is organized as follows. Section II

presents an overview of relevant works done by various

researchers. Section III presents the technical preliminaries

on the selected machine learning models. Section IV

describes the analysis of ML models for short-term rainfall

amounts as well as the dataset used for the study. Section V

results and discussions. Section VI conclusion and future

work.

Il. RELATED WORKS ON WEATHER PREDICTION
In this section, we present comprehensive literature on
machine learning models and identify the utilized models
and their applications. The applied models are discussed
throughout this study. Table 1 summarizes the related studies
done using regression-based forecasting methods. The table
shows the contribution of each study, the techniques, and
the application domain. Table 2 evaluates the performance of
different metrics reviewed with the aim of identifying gaps
from related studies.

Over the past years, there have been a precedented increase
in the use of artificial intelligence methods in weather
and climate research [22]. This has been made possible
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TABLE 1. A summary of related works in short-term weather forecasting.

Reference

Contribution

Techniques

Application Domain

Liyew and Melese, [10]

developed a machine learning method to forecast
Ethiopia’s daily precipitation totals.

MLR, RF and XGBoost

Rainfall prediction

Balamurugan and Mano-
jkumar, [13]

proposed a machine learning-based approach to antic-
ipate short-term rainfall

Logistic regression, DT, RF
and statistics

Rainfall prediction

Endalie et al. [17]

developed a deep learning model to forecast daily
precipitation

DT, SVM, KNN and MLP

Precipitation forecasting

Kanani et al. [18]

employed various machine learning and deep learning
models to: (a) forecast the frequency of rainfall; (b)
estimate the total amount of rainfall; and (c) evaluate
the outcomes of the various models for regression and
classification

Polynomial Regressor, MLR,
XGBoost, RF and LSTM

Rainfall prediction

Mohammed et al. [20]

applied machine learning regression approaches to
predict precipitation

MLR, SVR and statistical tech-
niques

Precipitation prediction

Karna et al. [25]

investigated the use of linear regression machine
learning algorithm for time series data

LR

Weather forecasting

Ponraj and Vigneswaran,
[19]

proposed a gradient boost regression model to fore-
cast daily evapotranspiration and plan irrigation

MLR, RF and GBR

Evapotranspiration predic-
tion

Zheng and Wu, [29]

proposed a new extreme gradient boosting model with
weather similarity analysis and feature engineering
for short-term wind power forecasting

CART, RF, SVR and single
XGBoost

Wind power forecasting

Deng et al. [30]

proposes the Bagging-XGBoost algorithm based ex-
treme weather identification and short-term load fore-
casting model, which can warn the time period and
detailed value of peak load in advance

Bagging-XGBoost

Load forecasting

Ma et al. [31]

developed and evaluated a Xgboost model for the
prediction of outdoor air temperature and humidity
using acquired data from Shenzhen

XGBoost

Temperature Forecasting

Oleiwi et al. [58]

searched on regional precipitation pattern modeling
using three intelligent predictive models incorporat-
ing ANN, SVM, and RF methods

ANN, SVM and RF

Precipitation forecasting

Kareem et al. [63]

identified various ANN architectures for weather
forecasting

CNN, LSTM and BPNN

Weather forecasting

Krammer et al. [64]

presented machine learning models to estimate rain-
fall in the geographical region of central Europe, in
Slovakia

NN, RF and SVM

Rainfall prediction

Lawal et al. [65]

evaluated the different machine learning models for
rainfall prediction using Nyando in Kenya as a case
study

LSTM, XGBoost, RF and SVR

Rainfall prediction

Ganapathy et al. [66]

applied six different ML algorithms using a rainfall
dataset of the Vellore region, of Tamil Nadu, India for
the years 2021 and 2022 to predict rainfall

ARIMA, LSTM, SVR, LR,
XGBoost and Holt-Winters’
Exponential Smoothing

Rainfall prediction

through low-cost data gathering devices including sensors,
satellite cameras, rain gauges, and more that are deployed
globally to record real-time data. Second, the current ease of
implementing machine learning techniques is a result of the
creative use of computer graphical processing units (GPUs),
which are faster with improved computational power than
standard central processing units (CPUs) [7].

Machine learning, then, is a branch of artificial intelli-
gence that uses statistical models and algorithms trained to
identify patterns in big training datasets to generate accurate
predictions. Machine learning models are categorised as
regression or classification problems [23]. In this study,
we are addressing a regression problem with the aim
of predicting hourly precipitation amounts over the Lake
Victoria basin in Uganda.

Several research investigations have applied machine
learning regression models in weather forecasting. For
example, machine learning literacy algorithm was used
in [24] to forecast the weather. The purpose of the study was
to produce accurate weather prediction. The study made use
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of the following variables: date, temperature on that specific
date, wind speed and direction, maximum and minimum
temperature, and weather. Rainfall was predicted using the
machine learning linear regression model.

The study in [25] investigated the use of linear regression
(LR) machine learning algorithm for time series data. The
primary goal of the research was to develop long-term
temperature prediction for Pokhara’s numerous weather
stations. The Department of Hydrology and Meteorology
(DHM) in Pokhara provided the dataset with which the
machine learning models were trained. The analysis of
maximum temperature prediction model based on regression
offered superior accuracy.

Multiple linear regression model was suggested by the
authors in [26] as a means of predicting Bangladesh’s rainfall.
Using data mining, the objective was to accurately forecast
rainfall. Four meteorological factors; precipitation, cloud
cover, average temperature, and vapor pressure were obtained
from Rajshahi, Bangladesh. The results indicated multiple
linear regression as the best prediction model.
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The study in [17] created a deep learning model to forecast
daily precipitation. The study’s objective was to develop a
rainfall prediction model for Jimma, an area in Ethiopia’s
southwest province of Oromia. The Long Short-Term
Memory based prediction served as the foundation for the
proposed model. The suggested model was evaluated against
several machine learning regressions, including Decision
Tree, Support Vector Machine, K-Nearest Neighbors, and
Multi-layer Perceptron. Based on the findings, the suggested
LSTM model performed better than the alternative regression
techniques.

Kanani et al. [18] employed various machine learning
and deep learning models to: (a) forecast the frequency
of rainfall; (b) estimate the total amount of rainfall; and
(c) evaluate the outcomes of the various models for regression
and classification. Data from 49 Australian cities over a
ten-year period make up the dataset utilized in this work
to predict rainfall. It includes 23 features, such as location,
temperature, evaporation, daylight, wind direction, and many
more. For the classification task, the research used training
classifiers like XGBoost, RF, Kernel SVM, and LSTM. For
the regression task, models like Multiple Linear Regressor,
XGBoost, Polynomial Regressor, Random Forest Regressor,
and LSTM were used. The results demonstrated that the
suggested methodology surpasses various state-of-the-art
methods.

The work of Ponraj and Vigneswaran [19] used a gradient
boost regression model to forecast daily evapotranspiration to
aid irrigation. Evapotranspiration was projected using daily
weather data for the lowest and maximum temperatures,
relative humidity, solar radiation, soil temperature, and wind
speed. The GBR, RF and MLR algorithms were used to train,
validate, and test the datasets. The root mean square error,
mean absolute error, and coefficient of determination were
compared in order to assess the effectiveness of these models.
In terms of evapotranspiration prediction, it was discovered
that the pre-processed GBR model outperforms the other two
models.

Machine learning regression approaches are suggested by
authors in [20] to predict precipitation. The aim was to give
a comparative analysis of the different machine learning
algorithms used in the field of precipitation prediction easily
accessible to non-experts. Multiple linear regression, Support
vector regression, and statistical techniques were utilized in
the study, and the different machine learning methodologies
were compared and analysed. According to the data, SVR had
the best results compared to MLR and Lasso regression.

Machine learning-based approach to anticipate short-term
rainfall is also suggested in research [13]. From data acquired
by the Indian Meteorological Department (IMD), the study
took into account variables such as temperature, precipitation,
atmospheric pressure, humidity and wind speed. The study’s
findings and the statistically derived numerical projections
were contrasted. The results showed that machine learning
techniques outperformed classical numerical techniques.
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Liyew and Melese [10] developed a machine learning
method to forecast Ethiopia’s daily precipitation totals.
The study’s primary goal was to pinpoint the pertinent
atmospheric elements that contribute to rainfall and utilize
machine learning techniques to forecast the amount of rain
that will fall each day. Relevant environmental variables were
chosen using the Pearson correlation technique and fed into
the machine learning model. The local meteorological office
in Bahir Dar City, Ethiopia provided the dataset, which was
used to assess how well three machine learning methods
performed. Extreme Gradient Boost, Random Forest, and
Multivariate Linear Regression were the models used.
According to the results, the machine learning method
extreme gradient boosting outperformed the other competing
approaches. The researchers did, however, note that by com-
bining sensor and meteorological datasets and applying big
data analysis techniques, future research could significantly
increase forecast accuracy.

Garg and Pandey [28] presented a machine learning-based
rainfall prediction. Utilizing SVR, SVM, and KNN machine
learning algorithms. The goal was to forecast the amount of
rainfall for the upcoming year and compare the conclusions
drawn from each technique. The dataset was acquired
between 1951 and 2015 through the National Data Sharing
and Accessibility Policy (NDSAP) of India. The results of
the experiment demonstrated that SVM was the best of the
three, and that the best approach to apply it is to add bias to
the model in order to produce a range of highest and lowest
projected values.

Gupta et al. [8] suggested employing machine learning
to forecast rainfall. In order to create weather forecasting
models that predict whether it will rain in major cities
tomorrow based on the day’s meteorological data, the
study’s objective was to implement rainfall prediction using
machine learning techniques like RF, DT, logistic regression
and Neural network (NN). The primary data source was
Kaggle/Twitter. The experimental findings demonstrated that
RF beat logistic regression, NN, and DT models.

Zheng and Wu [29] proposed a new Extreme gradient
boosting model with weather similarity analysis and feature
engineering for short-term wind power forecasting. The
authors considered similarities among historical days weather
using K-means clustering algorithm to divide the samples into
several categories. The XGBoost model was used to predict
for each category. The results of the proposed model are
compared with the back propagation neural network (BPNN)
and classification and regression tree (CART), RF, SVR and
a single XGBoost model. XGBoost was found to be the best
model for short-term wind speed forecasting.

Deng et al. [30] proposes the Bagging—XGBoost algorithm
based extreme weather identification and short-term load
forecasting model, which can warn the time period and
detailed value of peak load in advance. Firstly, using
XGBoost algorithm, the idea of Bagging is introduced to
reduce the output variance and enhance the generalization
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ability of the algorithm. The weather mutual information
theory, the correlation between transformer load and various
weather factors is analysed. The experimental findings
demonstrate that the proposed model reduces the average
Mean Absolute Percentage Error (MAPE) of peak load by
3% to 10%.

Ma et al. [31] developed and evaluated XGboost model
for the prediction of outdoor air temperature and humidity
using acquired data from Shenzhen. The purpose was to
use XGboost to predict outdoor temperature and humidity
in predictive horizon of 1-3 hours. The results show the
excellent performance of XGboost in accurately predicting
outdoor temperature and humidity by comparison between
the measured and predicted outdoor air temperature and air
humidity.

Oleiwi et al. [58] researched on regional precipitation
pattern modeling using three intelligent predictive models
incorporating Artificial Neural Network (ANN), SVM, and
RF models. The study used monthly time scale precipitation
data for semi-arid environment in Iraq. Regional data for
twenty weather stations were used for predictive modeling.
The area under study was split up into districts. Following
that, weather data from each district was modeled, and then,
each district’s weather data was used to do cross-station
modeling. The authors define cross-station as using data from
one station to train models and a different station to perform
predictions. The study revealed that cross-station modeling
was very effective in predicting the spatial distribution of
precipitation in watersheds with limited meteorological data.

The various ANN architectures for weather forecasting
for a comparable geographic region were presented by
Kareem et al. [63]. Convolutional Neural Network (CNN)
and several ANN architectures, such as LSTM and BPNN
algorithms, were assessed in the study. Every model that
was chosen had its own certain qualities. Results showed
that ANN algorithms outperformed CNN in terms of
performance. This is because time series meteorological data
can have non-linear temporal relationships captured by ANN
algorithms.

Krammer et al. [64] presented machine learning models
to estimate rainfall in the geographical region of central
Europe, in Slovakia. To predict precipitation, the authors
used several different types of models including regression
trees, lazy methods, linear regression with kernels, SVM
regression, among others. The study results demonstrated
that RF and NN were the best models for this kind of
scenario. Furthermore, RF was more robust using several
input features including those with a low significance.
However, the researchers suggested that future studies could
improve prediction accuracy by using an ensemble of RF and
NN models.

Lawal et al. [65] evaluated the different machine learning
models for rainfall prediction using Nyando in Kenya
as a case study. The study explored both univariate and
multivariate models to improve prediction accuracy using
the LSTM, XGBoost, RF, and SVR algorithms. The study
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revealed XGBoost multivariate model performed best in
daily and monthly prediction, while LSTM models showed
potential despite facing challenges in capturing long-term
dependencies. However, the study found that univariate
models could not identify complex relationships in the data
compared to multivariate models.

Ganapathy et al. [66] study applied a rainfall dataset
of the Vellore region, of Tamil Nadu, India. The duration
of the dataset is from 2021 to 2022 to forecast rainfall
using six different algorithms; the Auto-Regressive Inte-
grated Moving Average (ARIMA) model, Holt-Winters’
Exponential Smoothing, LSTM, SVR, XGBoost and Linear
regression. In their work, feature engineering was used
to create new features in order to eliminate all forms of
auto-correlation from the data. Regression models were used
to manipulate the dataset. In addition, the analysis employed
MAE, RMSE, Root Relative Squared Error (RRSE), Relative
Absolute Error (RAE) as evaluation metrics. From the results,
XGBoost model was the best performing model on the test
data. However, the authors suggest improving future rainfall
forecasting using deep learning techniques to further enhance
the precision of the forecasting models.

In table 2, the best performance metrics for the applied
models were registered. These values are normal based on the
dataset, techniques, complexity of the data, outliers, model
selection, normalization, and data size. We observed that
the MAE for all the models reviewed were lower than the
other metrics in all studies. The R? values are used when the
predicting features are linear as seen in [25]. We acknowledge
that R? is a great performance metric only and only if there
exist a linear relationship between the predictors and the
target features. Nash-Sutcliffe Efficiency (NSE) is majorly
used for hydrological water flow modeling [32] which may
not be well utilized in weather prediction.

Therefore, we conclude that alternative metrics MSE,
RMSE, MAE, and RMAE are considered mainly in analysis
of weather data as performance metrics because they are
not susceptible to outliers and can better reflect actual
situation of the predicted error [29]. In our study, experiments
were conducted on our dataset for Uganda’s Lake Victoria
basin [21]. The results revealed performance metrics MAE
and RMSE as the best metrics. Consequently, these metrics
were considered in evaluating the performance of our model.

IIl. TECHNICAL PRELIMINARIES

The applicable machine learning regression models employed
in this investigation are briefly covered in this section.
This category includes Random Forest regression, Support
vector regression, Neural network regression, Least Absolute
Shrinkage and Selection Operator regression, Gradient Boost
regression and Extreme Gradient boost regression. These are
discussed further in the following section.

A. RANDOM FOREST REGRESSION
We selected RF model because of its capability in handling
complex datasets like weather data. It is also an ensemble
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TABLE 2. Summary of performance metrics used in weather forecasting studies.

Reference Technique Perfomance metrics

MAE RMSE R2 NRMSE NSE RMAE MAPE MSE
Liyew and Melese, [10] XGBoost 3.58 7.85 X X X X X X
Kanani et al. [18] RF 0.117 X 0.76 X X X X X
Ponraj and Vigneswaran, [19] GBR 0.13 0.20 0.984 X X X X X
Endalie et al. [17] LSTM 0.0082 0.010 0.9972 0.018 0.81 X 0.4786 X
Ma et al. (2020) XGBoost X < 0.81 > 0.73 X X X 0.4786 X
Karna et al. [25] LR 1.78 3.10 X X X X X X
Mohammed et al. [20] SVR 4.35069 X 0.9958 X X X X X
Balamurugan and Manojkumar, [13] DT X 0.1126 X X X X X X
Zheng and Wu, [29] XGBoost 16.93 23.28 0.9958 X X 4.11 X 542.11
Deng et al. [30] Bagging-XGBoost X X X X X X 3-10 % X
Lawal et al. [65] XGBoost 0.042529 0.05654 X X X X X X
Ganapathy et al. [66] XGBoost 0.226879  0.461475 X X X X X X
Proposed model XGBoost 0.00616 0.04439 X X X X X X

supervised learning model that predicts by selecting indi-
vidual multiple decision tree regressors randomly [33]. The
number of trees, input variables and node size all have an
impact on the RF regression model’s efficacy. This model
splits data based on feature values to provide predictions.
Following that, the mean response value of the samples in
the current leaf node is used to calculate each sample’s
prediction. Albeit, RF has shown promise in forecasting
high-dimensional data and handling missing values, RF,
being an ensemble of decision trees, may struggle to
capture temporal dependencies and trends present in time
series weather data [34]. Weather patterns often involve
sequential dependencies, and RF might not naturally capture
these dynamics. Figure 1 depicts the RF architecture for
classification and regression analysis.

B. NEURAL NETWORK REGRESSION

The dependent variable in our study, the precipitation rate per
hour (Prec_rate), did not show any linear correlation with the
remaining independent features. As a result, linear models
were not considered for further investigation. Consequently,
alternative approaches were required to learn non-linear
complicated interactions, and Artificial Neural Networks
(ANN) was one of these techniques since it uses the
activation function in each layer [35]. Numerous researchers
have considered Artificial Neural Networks in rainfall
modeling [36]. Self-adaptive ANNs can address non-linearity
issues in rainfall data without requiring any correlations with
variables evaluated [37]. Precipitation forecasting, on the
other hand, is a more difficult challenge since it is inhibited by
temporal and spatial variations in regional rainfalls. Different
forms of ANN such as Recurrent Neural Network (RNN) and
Long Short-term Memory among others can be utilized to
address these types of issues in rainfall modeling [37]. The
general neural network architecture is shown in figure 2.

C. SUPPORT VECTOR REGRESSION

Support vector regression is a regression model designed
for predicting a continuous target variable [39]. Support
vectors are utilized for both regression and classification
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tasks. To address non-linearity in classification problems,
kernel based SVM is used. In SVM, inputs are mapped into
high-dimensional space and non-linear correlations between
predictors and response variables are transformed into linear
ones. Furthermore, SVM deals with categorization based
on threshold and classes or labels [38]. However, SVM-
based models are prone to overfitting during calibration and
underfitting during validation [38]. Nonetheless, SVR was
selected to address non-linear challenges in weather data
modeling. To fit an SVR model, equation 1 must be employed
to solve the optimization problem.

1
y= MIN§||W||2 with the constraint of |y; — b;x;| < e (1)

D. LASSO REGRESSION

Least Absolute Shrinkage and Selection Operator regression
was utilized in this work because of its regularization
abilities. The model’s purpose is to reduce over fitting while
improving model generalization. The goal is to identify
a line (hyperplane) that best matches the data and limits
the model’s complexity by reducing the magnitude of the
coefficients. Lasso is also employed in feature selection
to find which predictors have the highest correlation with
the outcome variable [40]. However, this model may
have unbiased coefficients due to the Lasso regularization
(L1 penalty), which artificially lowers the coefficients to zero.
Consequently, the magnitude of the link between features and
outcomes is not satisfied. The objective function for lasso
regression is given in equation 2.

Ax (1Bl + B2l + ...+ 1BpD (@)

E. GRADIENT BOOSTING REGRESSION

Gradient boosting regression is an ensemble method built on
the idea of decision trees [27]. The decision tree has a tree-
like structure, with branches that branch out to the leaves
depending on numerous parameters. The anticipated result
is the goal leaf. The goal leaf (leaf node) is where the final
predictions are assigned. The ensemble approach is used in
decision trees to address the problem of overfitting the test
data. So, instead of using a single decision tree, you can
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Independent Variables
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vyl

r
|

FIGURE 1. Architecture of random forest model.

Input Layer

- Output Layer
-
— Output

Input

FIGURE 2. A general neural network architecture.

combine several decision trees. Random Forest and Gradient
boosting are two examples of these ensemble techniques.

In the case of Random Forest, multiple decision trees are
generated by dividing the datasets into random numbers.
Subsequently, to avoid overfitting, RF considers each
decision tree individually and averages the regression output
to provide predictions. Gradient boosting, on the other hand,
creates decision trees repeatedly so that the subsequent
decision tree corrects the error in the prior tree [1]. In our
example, the output is the precipitation rate, and the process
is repeated until the final tree is reached.

To reduce the residue, a new tree is iteratively added to the
model beginning with the Fg (x), of the model. The gradient
boosting concept is depicted schematically in figure 3. The
following example shows how to feed input (x) into Fo (x),
and pass the output to the next tree.
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F. EXTREME GRADIENT BOOSTING

XGBoost, an acronym for extreme gradient boosting, is a
particular application of the Gradient Boosting technique that
use more precise approximations to determine the optimal
tree model [10]. To forecast a target variable y;, XGBoost is
implemented for the supervised machine learning task, which
involves data with numerous aspects of xj. Due to its speed
and prediction accuracy, the majority of authors utilize it for
various regression and classification tasks.

This method is based on a combination of tree learning
algorithm and a linear model. XGBoost is computed con-
currently on a single CPU. Due to this fact, it is faster than
other gradient descent algorithms. Furthermore, XGBoost is
a powerful algorithm that generates consistent predictions
due to its efficient memory use and rapid learning speed via
parallel and distributed computing [31].

In our analysis, XGBoost was the best regression model
for the research problem. Therefore, being the best learning
model, it was considered to predict precipitation amounts
for weather stations around the Lake Victoria basin. The
architecture for XGBoost model is presented in figure 4.

IV. ANALYSIS OF MACHINE LEARNING ALGORITHMS IN

THE PREDICTION OF SHORT-TERM RAINFALL AMOUNTS

In this Section, we start by briefly presenting the data
description of the variables used in the study. We then
present the tools and software used in implementation.
Furthermore, the weather data cleaning and correlation
analysis is presented to justify our data which was used in the
model analysis. We then follow with an analysis of individual
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FIGURE 3. The schematic structure of gradient-boosted trees.
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¢ ¢

> F(xy)

FIGURE 4. The structure of XGBoost model.

ML models used to predict short-term rainfall amounts using
our published weather dataset. The entire workflow of the
experimentation process used for our ML model analysis is
presented in figure 5. The ultimate product of the analysis
is to identify the best ML model which we refer to as the
most generalizable model for short-term rainfall prediction
amounts based on our Uganda’s Lake Victoria basin weather
dataset.

A. DATA DESCRIPTION

In this study, we used a three (3)-year time period dataset
from January 2020 to December 2022. To forecast the amount
of precipitation each hour, pre-processing was done on a
total of 7 weather stations that cover weather stations around
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Lake Victoria basin in Uganda, Kenya and Tanzania. The
description and the abbreviations for the variables used in
this study are shown in table 3. However, the variables Date,
POhPa, and Precmm included in table 3 were not used in the
prediction. That said, the date variable will be used in the
time series classification task. Also, for the Kampala weather
station that was part of the Lake Victoria basin dataset,
air pressure at the elevation of the station (POhPa) was not
measured. This variable often has less of an effect on rainfall
in low-altitude locations (like Kampala) than it does in high-
altitude locales [3].

Furthermore, the data representation of Precmm was
recorded in different hourly intervals of 3hrs, 6hrs, 8hrs
and more. Therefore, to harmonize the hours uniformly we
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converted the different hourly intervals into hourly (per hour).
This allowed us to create a new variable precipitation rate
per hour which is being investigated in this work; for further
information on these conversions, refer to our published
article [21], which demonstrates the applied procedures. The
basic information about the gauge stations used in this study
are shown in table 4. The location of the meteorological
weather stations used in this investigation is shown on a map
in figure 6.

B. TOOLS AND SOFTWARE USED IN IMPLEMENTATION
The study used Google Colab, a cloud-based Jupyter
notebook environment [65]. This platform offers pre-installed
libraries, GPU support, and collaborative features to effec-
tively implement and compare NNR, SVR, RF, GBR, LASSO
and XGBoost models for precipitation amount prediction
around the Lake Victoria basin. Google Colab’s cloud-
based computing does not have the need for local hardware
resources, which makes it a cost-effective and accessible tool
for ML tasks. The following Python programming language
modules like NumPy, Pandas, Matplotlib, and scikit-learn
were used [61]. Numpy objects are primarily used to create
arrays or matrices that can be applied to ML models
while Pandas provide platforms for data manipulation and
analysis purposes. In addition, scikit-learn [65] was utilized
for regression tasks among other tasks. Furthermore, deep
learning frameworks like PyTorch and TensorFlow provided
access to training of neural network models. Matplotlib and
Seaborn allowed us to create interactive visuals.

1) DATA CLEANING

During the study, data cleaning processes was done. This is
detailed in our published data article [21]. The exploratory
data analysis on the dataset was done to maximize the validity
of future outcomes, which is critical in machine learning
models [18]. The analysis aids in the search for anomalies in
the data, the detection of feature correlations, and the search
for missing values, all of which help to improve the output of
machine learning models.

2) CHARACTERISTICS OF THE UTILIZED WEATHER DATA

In this study, the Augmented Dickey Fuller test (ADF)
was employed to evaluate the degree of stationarity of our
meteorological dataset for the utilized weather stations. The
ADF test was given a significant level of alpha =0.05, and
the ADF statistics and critical values (1%, 5% and 10%) were
computed. Thus, the P-value for all of the features employed
was much less than alpha =0.05, indicating that the data is
predictable. Table 5 displays the ADF statistics value for the
combined Lake Victoria datasets in Uganda.

3) CORRELATION ANALYSIS

A descriptive analysis of the variables was performed after
data pre-processing. The relationship between the variable
precipitation rate per hour and the other independent features
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was specifically investigated. However, because the depen-
dent variable precipitation rate per hour and the independent
features in this study did not have a strong correlation,
statistical regression methods were not considered for further
experiments. Machine learning regression models, on the
other hand, were utilized to address the non-linear nature of
our weather datasets for the research area. Figure 7 depicts a
correlation analysis of the variables considered.

4) DATA NORMALIZATION
The original value of the feature S(x;) is normalized and the
result expressed as;

Su(xi),i=(1,2.....,N) 3)
-3
Sn(xi) = S1d (o) 4)

where (x;) is the original value of the features, X is the mean
(average value of the features across all data points) and std(x)
is the standard deviation of the features.

V. ANALYSIS OF REGRESSION MODELS

In this section, we will first of all present the hyperparameters
used for optimization of each model and then proceed to
present the results.

A. GRADIENT BOOSTING REGRESSION

The Gradient boosting algorithm is a supervised machine
learning algorithm that was developed by Friedman [19].
It has proved to be one of the dependable methods for
handling complex datasets. The GBR and XGBoost models
belong to the same family of gradient descent algorithms. The
best hyperparameters for gradient boosting are the number of
estimators, the learning rate, and the maximum depth [41].
To determine the ideal values to employ in the boosting
model, the grid search algorithm looked through all of the
stated values for each parameter and the hyperparameters for
GBR are discussed here below;

Number of estimators: Gradient boosting operates based
on the principle of decision trees. The n_estimators define
the number of sequential trees of the model. Learning rate:
Learning rate is an important hyperparameter in gradient
boosting. The learning rate scales the contribution of each
tree. It’s a constant value that measures every new tree
that is adjusted. Maximum depth: This is the maximum
depth of a tree. Max_depth is used to control overfitting
as higher depths allow the model to learn relations that
are specific to a particular sample. Minimum sample split:
The min_sample_split defines the minimum number of
observations that are required in a node required for splitting.

The tuned hyperparameters for the GBR model are given in
table 6 along with the best resulting parameter values. These
hyperparameters collectively aim for a balanced model that
is robust, interpretable, and less prone to overfitting. These
specific choices align with considerations for controlling
model complexity and generalization [42].
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Feature Abbreviation  Description

Unit of measure  Data period

Date Day, month, year, and time (hours) Date 2020-2022
TC Air temperature at 2 m above ground level °C 2020-2022
TDC Dew point temperature at 2 m above °C 2000-2022
ground level
Hr Relative humidity % 2020-2022
ddd Wind direction Direction 2020-2022
ffkmh Wind speed km/h 2020-2022
POhPa Air pressure at an elevation of the station hpa 2020-2022
Precmm Precipitation mm 2020-2022
Prec_rate Precipitation rate per hour mm 2020-2022
Nt Total cloud cover oktas 2020-2022
Nh Cloud cover by high-level cloud fraction oktas 2020-2022
HKm Height of the cloud base km 2020-2022
Viskm Visibility km 2020-2022

B. RANDOM FOREST REGRESSION

Random Forest was also one of the models used in
this study. It is an ensemble supervised learning model
that predicts by selecting individual multiple decision tree
regressors at random see section III-A. Random Forest and
Gradient boosting regression share some of the hyperpa-
rameters. The differences is in the specific tuning of the

63370

parameters and their interpretation. The hyperparameters for
RF are n_estimators, max_depth, min_samples_split, and
min_samples_leaf. The description of these hyperparameters
is discussed in section V-A.

The selection of the best hyperparameter values suggests
a collective attempt to strike a compromise between gen-
eralization and model complexity. The ranges given here
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TABLE 4. Information on gauge stations where weather data was
obtained.

WMOID  Station Names Longitude  Latitude  Altitude
63680 Kampala 32.6166 0.3166 1144
63705 Entebbe Airport 32.4500 0.0500 1155
63682 Jinja 33.1833 0.4500 1175
63708 Kisumu 34.7679 -0.0917 1157
63756 Mwanza 32.9170 -2.4670 1146
63729 Bukoba 31.8120 -1.3321 1137
63733 Musoma 33.8000 -1.5000 1147

Legend

*  Stations slkction
[ ek victria Basin
[ water_body
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L R L
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FIGURE 6. Location of weather stations around lake victoria basin.
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FIGURE 7. Correlation matrix of lake victoria weather data in Uganda.

were sufficient for tuning an RF model [43]. In addition
to restrictions on node sizes and tree depth, the moderate
number of estimators indicates a desire for a robust model
that is less prone to overfitting. The maximum depth of
10 provide the trees more freedom to identify complex
patterns in the data. This technique is used to prevent minor,
noisy splits in the trees being aligned with the supplied values
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for min_samples_split and min_samples_leaf. This helps
maintain the stability of the model and keeps excessively
complicated decision boundaries from forming.

These put into consideration, the selection of these best
parameter values results in an RF model that strikes a
compromise between resilience and accuracy. The results of
the tuned hyperparameters for RF along with best resulting
parameter values is shown in table 7.

C. SUPPORT VECTOR REGRESSION

Support Vector Regression is a supervised machine learning
approach for classification and regression tasks that operates
on the same premise as Support Vector Machines [14]. SVR
selects the appropriate hyper-plane in order to maximize
margin and reduce error. SVR has several hyperparameters
that can be tuned to optimize its performance. Here are
some key hyperparameters for SVR; Regularization (C), error
sensitivity (€), and kernel (linear, rbf and poly) [40].

Regularization (C): This is the parameter that controls
the trade-off between having a smooth decision boundary
and fitting the training data [44]. Normally a smaller (C)
encourages a smoother boundary, while a larger (C) allows
the model to fit the training data more closely. Epsilon
(e): Specifies the margin of tolerance where the model is
considered to have met the objective. It is particularly relevant
in the epsilon-insensitive loss function. Kernel coefficient
(gamma): Relevant for the rbf kernel. It determines the shape
of the decision boundary. A smaller gamma leads to a more
generalized boundary, while a larger gamma can result in a
more complex and tighter boundary.

The regularization value (C) of 10 indicates that a higher
training error can be tolerated in exchange for a more complex
model. In this case where weather data is complex this can be
the solution. But thorough validation is required to guarantee
that overfitting is kept under control. It is clear that a model
that is sensitive to variations within a short-range surrounding
the predicted values is desired by using a modest Epsilon €
of 0.1. Albeit evaluating the model’s performance on unseen
data is crucial, this might be appropriate when the emphasis
is on precisely capturing the training data.

One of the flexible options for capturing non-linear
interactions is the rbf kernel. It helps with handling complex
interactions since it enables the SVR model to adjust flexibly
to complex patterns in the data. To make sure the SVR model
performs well when applied to previously unseen data, it is
essential to cross-validate the model’s results using these
hyperparameters on a different validation set [33]. Table 8
provides a detailed information on the tuned parameters for
SVR model.

D. NEURAL NETWORK REGRESSION

Neural Network Regression (NNR) is a type of supervised
learning algorithm that uses Artificial Neural Networks to
model and predict continuous target variables [45]. For
the regression task, the neural network is trained on a
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TABLE 5. ADF test results on the time series weather data for selected stations in Uganda.

Variable ADF statistics P-value Critical values
1% 5% 10%
TC -9.985 2.060x10 17 -3.43471 -2.86347 -2.56779
TdC -6.717 3.5478x10" 9 -3.43126 -2.86194 -2.56698
Hr -8.703 3.750x10 14 -3.43126 -2.86194 -2.56698
ddd -7.969 2.811x10 12 -3.43126 -2.86194 -2.56698
ffkmh -5.880 3.086x10 7 -3.43126 -2.86194 -2.56698
Nt -17.044 8.147x10~ 30 -3.43126 -2.86194 -2.56698
Nh -5.6376 1.053x10 6 -3.43126 -2.86194 -2.56698
HKm -8.5349 0.0 -3.43126 -2.86194 -2.56698
Viskm -3.9737 0.00155 -3.43126 -2.86194 -2.56698
Prec_rate -36.340 -4.457x10 8 -3.43126 -2.86194 -2.56698
TABLE 6. The hyperparameters for the best resulted GBR model. TABLE 9. The hyperparameters for NNR model.
Hyperparameter Parameter values Hyperparameter Parameter values
Different values Best values Different values Best values
Number of estimators  [100, 200, 300, 400, 500] 400 Batch_size [16, 32, 64] 32
Learning rate [0.01, 0.05, 0.1, 0.3] 0.01 Epochs (50, 100] 100
Maximum depth [3,5,7,9] 3 Lc?arning_rate ' [0.001, 0.01, 0.1] 0.01
min_samples_split [2,5, 10] 5 Hidden_layer_units  [(64, 32), (128, 64), (256, 128)] (128, 64)
min_samples_leaf [1,2,4] 2

TABLE 7. The hyperparameters for RFR model.

Parameter values
Different values  Best values

Hyperparameter

Number of estimators  [100, 200, 300] 100
Maximum depth [10, 20, 30] 10
min_samples_split 2,5, 10] 10
min_samples_leaf [1,2,4] 4

TABLE 8. The hyperparameters for SVR model.

Hyperparameter Parameter values
Different values Best values
Regularization (C)  [0.1, 1.0, 10.0] 10
Epsilon (€) [0.1, 0.2, 0.3] 0.1
kernel [linear, rbf, poly] rbf

dataset containing input features and corresponding contin-
uous target values. Table 9 represents the hyperparameters
values of NNR model. The hyperparameters considered
for NN model were batch_size, epochs, learning_rate, and
hidden_layer_units [46] as explained here;

Batch Size: This determines the number of samples used
in each iteration. Epochs: Decide the number of times the
entire dataset is passed forward and backward through the
network. Learning Rate: The learning rate is set to control
the step size during optimization. Hidden Layer Structure:
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Experiment with the number of hidden layers and the number
of neurons in each layer.

The batch size of 32 means that the model updates its
weights after processing 32 samples. The number of epochs
represents the number of times the entire training dataset is
passed forward and backward through the neural network.
The 100 epochs is a moderate value that the model has learned
the underlying patterns in the data to a satisfactory level [47].
While a learning rate of 0.01 is a reasonable starting point
for model development [37]. In addition, a configuration
of two hidden layers with 128 units in the first layer and
64 units in the second represents a moderate-sized network
that can capture some complexity in the data while potentially
avoiding overfitting.

E. EXTREME GRADIENT BOOSTING

Just like the GBR, XGBoost is also an ensemble supervised
learning model as discussed in [10]. The tuned XGBoost
hyperparameters are the number of estimators, learning rate,
maximum depth, reg_alpha, reg_lambda, and optimization
technique. The model’s performance is improved by tuning
the hyperparameter. The tuned parameters for XGBoost [31],
[48] are discussed further as follows:

The number of estimators refers to the number of boosting
rounds or trees that must be built. A greater number may
result in improved performance, but it also increases the risk
of overfitting. The learning rate governs how much each
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TABLE 10. The hyperparameters for the best resulted XGBoost model.

Hyperparameter Parameter values

Different values Best values
Number of estimators [100, 200, 300, 400, 500] 200
Learning rate [0.01, 0.05, 0.1, 0.3, 0.5] 0.1
Maximum depth [3,5,7,9,11] 5
Reg_alpha [0.1,0.3,0.5] 0.1
Reg_lambda [0.1,0.3,0.5] 0.1

TABLE 11. The hyperparameters for LASSO model.

Hyperparameter Parameter values
Different values Best values
Alpha [0.001, 0.01, 0.1, 1, 10] 0.1

tree contributes to the final forecast. Lower values make
the model more resilient, but they may necessitate more
trees. Maximum depth defines each of the tree’s maximum
depth. Deeper trees can capture more complicated patterns,
however, they may over-fit. Reg_lambda is the weights L2
regularization term. It penalizes heavy weights and can assist
prevent overfitting. Reg_alpha is similar to reg_lambda, but
it penalizes weights with high absolute values.

The obtained value of 200 is reasonable and strikes
a balance between model complexity and computational
efficiency [49]. Increasing the number of estimators improves
the performance of the model, but it comes at the cost of
longer training times. The selected learning rate value of
0.1 is a common starting point and it’s not too large to cause
convergence issues [50]. The L1 and L2 regularization param-
eters help to avoid overfitting of the model which fit well
within our model assumptions [51]. Table 10 demonstrates
the hyperparameter values defined for XGBoost model.

F. LEAST ABSOLUTE SHRINKAGE AND SELECTION
OPERATOR

LASSO regression in scikit-learn has a few hyperparameters
that you can tune to optimize the model’s performance. The
primary hyperparameter for LASSO is the regularization
strength, represented by the parameter alpha [40]. Here,
o is the regularization strength which you can experiment
with different values of alpha to find the optimal level of
regularization for a specific problem. In our example, the best
value was 0.1 as shown in table 11.

The value of o determines the strength of the regulariza-
tion. For the case of our study, o = 0.1 implies a moderately
strong L1 regularization. It allows for some shrinkage of less
important features towards zero, effectively leading to feature
selection.

G. SELECTING THE BEST MODEL

The optimised models utilized in the previous phase were
evaluated using MAE and RMSE to choose the best
performing model. The best optimized model out of all the
trained models for predicting precipitation amounts around
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the Lake Victoria basin in Uganda, Kenya, and Tanzania was
XGBoost regression model.

1) EVALUATION METRICS

Generally, when building a machine learning model, the
evaluation of its performance is an indispensable step. For
this study MAE and RMSE were the adopted evaluation
indicators. MAE is a measure of the average absolute
differences between predicted and actual values. RMSE is
a measure of the average magnitude of the errors between
predicted and actual values. Consequently, the lower the
MAE and RMSE the better the model’s performance.
However, the MAE is deemed more appropriate because it
is less prone to outliers [52]; and provides a straightforward
measure of how well a regression model is performing by
summarizing the average absolute errors between predicted
and actual values [19]. The MAE and RMSE results are
presented in table 12. The MAE and RMSE are defined as
follows:

MAE = - Zly, il )

RMSE = f Z P =) (6)

where n is the total number of data points, yy is the actual
(observed) value of the target variable for the i’ data point
and y; represent the predicted value of the target.

2) SPECIFICATIONS OF XGBoost

XGBoost approximates the loss function with Taylor expan-
sions, giving the model superior trade-off bias and variance
while requiring fewer decision trees to achieve higher
accuracy [11]. Suppose the given sample set has n samples
and m features, it can be represented as;

D = {(xi, y)NID| = n, x;R™, yeR) (7
K

i =D filx), fieF ®)
k=1

F is the set of decision trees:

F={fx)=

where f(x) is one of the trees, W) is the weight of the
leaf nodes, T is the number of leaf nodes, and q represents
the structure of each tree, which maps the samples to the
corresponding leaf nodes.

Here is the feature value and is the actual value. The
algorithm sums the results of the tree to the final predicted
value, y; denoted as;

Wy} (g : R™ — T, w, €R") )

K
i =D _filx). feF (10)

k=1
F is the set of decision trees:

F ={f(x) = Wym)q:R™— T,w,eR"), (11
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TABLE 12. Comparison of MAE and RMSE with benchmark techniques
using Uganda weather data.

Method Test Ranking
MAE RMSE MAE RMSE

RFR 0.12183  0.42925 5 5
SVR 0.05888  0.12302 3 3
NNR 0.01018  0.05952 2 2
LASSO 0.06610  0.26626 4 4
GBR 0.12624  0.43931 6 6
XGBoost  0.00616  0.04439 1 1

where f(x) is one of the trees, Wy () is the weight of the
leaf nodes, T is the number of leaf nodes, and q represents
the structure of each tree, which maps the samples to the
corresponding leaf nodes.

The objective function of XGBoost model can be divided
into error function term £ and model complexity function
term, €2 [44]. The objective function can be written as:

Obj=L+Q (12)

Therefore, the predicted value of XGBoost is the sum of the
values of the leaf nodes of each tree. The goal of this model
is to learn this K tree, so minimizing the following objective
function.

n T

. A 1

Obj =2 (i—3+y  +50> W (13)
i=1 j=1

VI. COMPARISON OF MODEL PERFORMANCES
In this section we compare the performance of the selected
models to determine the best model.

A. EVALUATING XGBoost

Literature-backed evidence suggests that there is no dominant
forecasting model for different machine learning applica-
tions [53]. We also acknowledge that several researchers
have used a variety of forecasting methodologies using
different performance metrics as discussed in table 2 above.
Thus, the predictive power of XGBoost model is compared
to that of other cutting-edge models, including Random
Forest regressors, Support Vector regression, Neural Network
regression, Gradient Boost regression, and Lasso regression.
It is vital to highlight that for each benchmark technique,
we looked for ideal parameters that would allow the strategy
to perform the best.

Table 12 and figures 8 and 9 compares the performance
of the proposed method to the benchmark techniques on
Uganda’s weather data for the Lake Victoria basin. Notably,
the results illustrate how the corresponding approach per-
forms in terms of MAE and RMSE on test set performance.

B. COMPARISON OF XGBoost WITH BENCHMARK
TECHNIQUES IN KENYA AND TANZANIA

The developed XGBoost model for Uganda was applied
to datasets for stations located around the Lake Victoria
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FIGURE 9. MAE across regression algorithms performance using Uganda
weather data.

basin in Kenya and Tanzania. The aim was to test the
model’s generalizability in regions with comparable weather
patterns [54], [58], [60]. Consequently, 20% of data was
drawn from Kisumu Kenya weather station and another 20%
from Tanzania weather stations. The experiments were done
independently. From the findings, XGBoost performed the
best in both nations for predicting precipitation amounts
around the Lake Victoria basin. The comparison of the
models is shown in table 13 and figures 10 and 11
respectively.

C. XGBoost METHOD VERSUS BENCHMARK TECHNIQUES
In this section, we compare the performance of XGBoost
model with the applied machine learning techniques.

1) XGBoost VERSUS RANDOM FOREST REGRESSOR

Random Forest is one of the best models utilized for various
applications including weather prediction [34]. However, its
performance was not appropriate for our data. Considering
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TABLE 13. Comparison of MAE and RMSE with benchmark techniques
using Kenya and Tanzania weather data.

Performance Metrics

Stations Model MAE RMSE
Kenya RFR 0.478242  0.702832
SVR 0.143649  0.313051
NNR 0.426446  0.623602
LASSO 0.424491  0.592471
GBR 0.315397  0.472994
XGBoost  0.018452  0.227948
Tanzania RFR 0.233441 0.842882
SVR 0.081293  0.487932
NNR 0.144132  0.702039
LASSO 0.233208  0.759692
GBR 0.055811  0.462857
XGBoost  0.005862  0.213369
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FIGURE 10. Comparison of regression algorithm performance using
Tanzania weather data.
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FIGURE 11. Comparison of regression algorithm performance using
Kenya weather data.

the MAE of 0.12183, it did not perform well compared to its
competitors.
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2) XGBoost VERSUS SUPPORT VECTOR REGRESSION
Support vector regression has showed good prediction
performance in a variety of disciplines, including weather
prediction [55] and solar power forecasting [39], among oth-
ers. Kernel based SVR model is less prone to overfitting [56].
These characteristics make this approach more feasible than
Artificial Neural Networks. For our dataset, SVR came close
to predicting precipitation amounts over the Lake Victoria in
Uganda. In comparison to other models, it was the third-best
model with an MAE of 0.058885.

3) XGBoost VERSUS NEURAL NETWORK REGRESSION

To solve non-linear problems in time series weather data,
neural networks (NN) have been widely used [37]. Despite
the fact that ANNs face some obstacles in weather modeling,
different ANNs can handle the problem of local minima
that plagues neural network topologies. When compared to
XGBoost model, NN performed second best with MAE of
0.01018. The effectiveness of NN is not surprising, as it often
performs well with non-linear data [36], [37], such as the
meteorological data utilized in this investigation.

4) XGBoost VERSUS LASSO

Least Absolute Shrinkage and Selection Operator is one
of the commonly used regression techniques. It can also
improve the precision and lessen the variability of techniques
to linear regression [40]. When used on our dataset, LASSO
performed poorly compared to its competitors. In terms of
MAE on the test data, LASSO did not perform well compared
to its rivals SVR, XGBoost, and NNR in our analysis.

5) XGBoost VERSUS GRADIENT BOOST REGRESSION
Friedman’s gradient boosting technique [19] is a supervised
learning method. It has proven to be a very reliable method
for many complex datasets. GBR employs iteration of a
collection of weak learners to generate one strong learner
using an appropriate loss function [10]. However, when
applied to our dataset, GBR was the worst performing model
when compared to its competitors. GBR models only perform
well when applied to smaller datasets [44]. Albeit, GBR and
XGBoost belong in the same family of gradient boosting.
XGBoost [10] is stronger than GBR because of several
factors including speed, regularization abilities, and handling
missing values.

D. STATISTICAL COMPARISONS OF THE APPLIED MODELS
The statistical tests were performed to establish whether the
proposed method’s performance is noticeably superior to that
of the competing approaches. As a result, we ran experiments
to demonstrate statistical significant differences between the
outputs of the RFR, SVR, NNR, LASSO, GBR and XGBoost
techniques while performing k-fold cross-validation on the
predictive models. The prediction algorithm has a size k
of 5. The findings of this experiment are expressed in terms
of MAE. Table 14 shows that XGBoost achieved lower
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TABLE 14. Comparison of RFR, SVR, NNR, LASSO, GBR, and XGB with k-fold cross validation (k=5).

K-fold values RFR SVR NNR LASSO GBR XGBoost
1 0.099690 0.064194 0.0196971 0.073976 0.124082 0.003839
2 0.106142 0.058574 0.0070363 0.080993 0.111952 0.006504
3 0.088517 0.085452 0.0145868 0.099539 0.145670 0.024326
4 0.154504 0.072535 0.0117364 0.094721 0.125953 0.017161
5 0.202481 0.060914 0.0250217 0.074744 0.105899 0.005515
Total out of sample 0.130267 0.068334 0.0156157 0.084795 0.122711 0.006167
TABLE 15. Wilcoxon signed rank test difference between GBR with XGBoost.

K-fold values GBR XGBoost Difference  Positive  |Difference] Rank  Signed Rank

1 0.12408  0.00383 -0.12024 -1 0.12024 4 -4

2 0.11195 0.00650 -0.10545 -1 0.10545 2 -2

3 0.14567 0.02432 -0.12134 -1 0.12134 5 -5

4 0.12595 0.01716 -0.10879 -1 0.10879 3 -3

5 0.10589  0.00551 -0.10038 -1 0.10038 1 -1

Positive sum: 0; Negative sum: 15; Test Statistics: 0. The number of negative differences is greater than
the positive differences, which indicates XGBoost is working better than GBR.

TABLE 16. Wilcoxon signed rank test difference between LASSO with XGBoost.

K-fold values LASSO  XGBoost Difference  Positive  |Difference] Rank  Signed Rank
1 0.07397  0.00383 -0.07014 -1 0.07014 2 -2
2 0.08099  0.00650 -0.07449 -1 0.07449 3 -3
3 0.09953  0.02432 -0.07521 -1 0.07521 4 -4
4 0.09472  0.01716 -0.07756 -1 0.07756 5 -5
5 0.07474  0.00551 -0.06923 -1 0.06923 1 -1

Positive sum: 0; Negative sum: 15; Test Statistics: 0. The number of negative differences is greater than
the positive differences, which indicates XGBoost is working better than LASSO.

MAE than RFR, SVR, NNR, LASSO and GBR prediction
algorithms. We adopted the Wilcoxon Signed Rank test
applied in work [17] to compare XGBoost against the five
machine learning regression techniques.

The employed theory H_0O: The machine learning approach
outperforms XGBoost if the number of positive differences
exceeds the number of negative differences. H_1: If there
are more negative differences than positive differences, the
XGBoost algorithm outperforms the competing machine
learning regression techniques. Tables 15-19 exhibit the
Wilcoxon Signed Rank test results of RFR, SVR, NNR,
LASSO and GBR with XGBoost.

E. COMPARATIVE ANALYSIS OF XGBoost WITH EXISTING
METHODS

The results shown in this section are consistent with state-of-
the-art techniques. In this section, we compare the proposed
model’s results to those of previously utilized rainfall
forecast techniques. The findings of our investigations are not
different from previous researchers. For example, we have
found that weather data is in fact non-linear. In our dataset,
there was no correlation found between the dependent
variable precipitation rate and independent factors. As such,
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the present analysis confirms to the findings of studies [15],
[18], [20], [37] that say weather data is in fact non-linear.
This is a reason non-linear models were used in precipitation
amount prediction around the Lake Victoria basin.

Also, we evaluate how well the suggested XGBoost model
performs in short-term weather forecasting compared to
other state-of-the-art methods. Due to its speed and accuracy
of the predictions, XGBoost has done better than other
benchmark models in numerous studies. Our XGBoost results
are comparable to rainfall forecast models that have been used
in the past when we compare the outcomes of the proposed
model with theirs. In this study, MAE of 0.00616 for Uganda,
0.01845 for Kenya, and 0.00586 for Tanzania were obtained
using the proposed XGBoost model for the Lake Victoria
basin.

In contrast to other researchers who have forecasted
short-term precipitation using the XGBoost model. Liyew
and Melese [10], for example, got an MAE of 3.58 in
Ethiopian short-term rainfall prediction. Researchers [37]
used the XGBoost model to predict hourly rainfall in the
UK and obtained MAE results of 0.05, 0.08, 0.04, 0.07 and
0.07 for the cities of Bath, Bristol, Cardiff, Newport, and
Swindon, respectively. XGBoost was one of the regression
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TABLE 17. Wilcoxon signed rank test difference between NNR with XGBoost.

K-fold values NNR XGBoost  Difference  Positive  |Difference] Rank  Signed Rank
1 0.019697  0.00383 -0.01586 -1 0.01586 4 -4
2 0.007036  0.00650 -0.00053 -1 0.00053 1 -1
3 0.014587  0.02432 0.00974 1 0.00974 3 3
4 0.011736  0.01716 0.00542 1 0.00542 2 2
5 0.025022  0.00551 -0.01951 -1 0.01951 5 -5

Positive sum: 5; Negative sum: 10; Test Statistics: 5. The number of negative differences is greater than
the positive differences, which indicates XGBoost is working better than NNR.

TABLE 18. Wilcoxon signed rank test difference between SVR with XGBoost.

K-fold values  SVR XGBoost  Difference  Positive  |Difference] Rank  Signed Rank
1 0.064195  0.00383 -0.06036 -1 0.06036 4 -4
2 0.058574  0.00650 -0.05207 -1 0.05207 1 -1
3 0.085452  0.02432 -0.06113 -1 0.06113 5 -5
4 0.072535  0.01716 -0.05537 -1 0.05537 2 2
5 0.060914  0.00551 -0.05540 -1 0.05540 3 -3

Positive sum: 0; Negative sum: 15; Test Statistics: 0. The number of negative differences is greater than
the positive differences, which indicates XGBoost is working better than SVR.

TABLE 19. Wilcoxon signed rank test difference between RFR with XGBoost.

K-fold values ~ RFR XGBoost  Difference  Positive  |Difference] Rank  Signed Rank
1 0.09969 0.00383 -0.09585 -1 0.09585 2 -2
2 0.106142  0.00650 -0.09964 -1 0.09964 3 -3
3 0.088517  0.02432 -0.06419 -1 0.06419 1 -1
4 0.154504  0.01716 -0.13734 -1 0.13734 4 -4
5 0.202481  0.00551 -0.19697 -1 0.19697 5 -5

Positive sum: 0; Negative sum: 15; Test Statistics: 0. The number of negative differences is greater than

the positive differences, which indicates XGBoost is working better than RFR.

models employed by Kanani et al. [18] to forecast the amount
of precipitation. The MAE of 0.121 was obtained for the
XGBoost model.

Also, XGBoost was used by Anwar et al. [59] to forecast
daily rainfall estimations. The RMSE of 2.7 mm and an MAE
of 8.8 mm were obtained in their study. Rainfall prediction
in Ghana’s several ecological zones was shown to be
better predicted using XGBoost, RF, and MLP, according to
Appiah-Badu et al. [60]. The study by Lawal et al. [65] found
XGBoost as the best model with an MAE of 0.042529 and
RMSE of 0.05654 in predicting daily rainfall in the Nyando
region of Kenya. In addition, Ganapathy et al. [66] identified
XGBoost as the best prediction model for daily rainfall
prediction in the localized Vellore region of Tamil Nadu,
India, for years 2021 and 2022.

However, it is important to highlight that our study applied
the Lake Victoria basin weather dataset. As previously noted
different authors have used different meteorological data
from their countries. The conclusions that we learn from
each of these studies is that weather data in locations with
comparable weather patterns can be predicted using ML
models. In our study, the obtained XGBoost results are
comparable to previous works. We can confirm that the
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applied XGBoost model had acceptable results for predicting
precipitation amounts around the Lake Victoria basin in
Uganda, Kenya and Tanzania. However, pre-processing,
model building, and the kind of datasets all affect how well
the models perform.

VII. CONCLUSION AND FUTURE WORK

This study examined various machine learning algorithms
for predicting hourly precipitation amounts around the Lake
Victoria basin. Six machine learning regression algorithms
were trained, tested, and validated using our published
weather dataset.

The study revealed that precipitation rate is crucial in
determining the amount of rain that falls on an hourly basis.
This would be significant for a variety of industries, including
agriculture, tourism, aviation, education and engineering.
This can lessen the problems associated with high rainfall
intensity, such as flood mortality and disease caused by rain.

The relevant environmental features for precipitation
amount prediction were experimented using the Pearson
correlation coefficient to determine their relationship with the
target variable. However, the results showed that the variables
hard a weak correlation with the target variable. Therefore,
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non-linear machine learning models were used to input the
variables used in the study. A comparison of results among
the six algorithms; RFR, SVR, LASSO, GBR, NNR and
XGBoost was made and the results showed that the XGBoost
was a better-suited machine learning regression algorithm for
precipitation amount prediction using selected environmental
features.

In future works, we intend to do cross station data
modeling [58]. This is critical in areas with limited meteoro-
logical data where data from areas with similar geographical
characteristics can be utilized. Albeit, this can be done
with data overtime, the scarcity of meteorological data
remains a challenge. We therefore propose to do weather
pattern mapping, followed by transfer learning models.
However, the current used weather dataset can further
be improved to include geographical information such as
latitude, longitude and altitude [62]. This should further
improve the performance of transfer learning models.
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