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Abstract: Accurate temperature prediction is essential for climate adaptation, environmental monitoring, and sustainable
urban planning. This study evaluates the performance of two machine learning techniques Random Forest (RF) and
Gradient Boosting Regression (GBR) for predicting near-surface air temperature in the Greater Accra Region of Ghana.
Daily temperature observations obtained from the Ghana Meteorological Agency covering the period 1960-2018 were
used for model development. The average daily air temperature was computed from minimum and maximum temperature
observations. The predictive performance of the models was compared with a classical statistical time-series model,
Autoregressive Integrated Moving Average (ARIMA). Model evaluation was performed using five-fold cross-validation
to improve the robustness of the results. Performance metrics included Mean Squared Error (MSE) and the coefficient of
determination (R?). The results show that the Random Forest model achieved the highest predictive accuracy with MSE
=0.0010 °C and R?=10.9996, while the Gradient Boosting Regression model produced MSE = 0.0015 °C and R2=0.9994.
The ARIMA model showed significantly lower performance with MSE = 0.598 °C and R? = 0.30. The high predictive
performance of the machine learning models is partly attributed to the deterministic relationship between the input
variables and the computed target temperature. The study demonstrates the potential of machine learning approaches for
climate-related prediction tasks and provides insights for environmental planning and climate resilience strategies in

rapidly urbanizing regions such as Greater Accra.
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1. Introduction

Climate change has intensified global concern about rising
temperatures and increasing climate variability. Accurate
prediction of temperature trends is essential for
agriculture, water resource management, urban planning,
and environmental sustainability (Gupta et al. 2022;
Shams et al. 2023). In rapidly urbanizing regions such as
the Greater Accra Region of Ghana, rising temperatures
are closely linked to urban expansion, land-use change,
and population growth.

Traditional temperature forecasting approaches rely on
statistical models such as linear regression and
autoregressive time-series models. Among these, the
Autoregressive Integrated Moving Average (ARIMA)
model has been widely used for climate forecasting due to
its ability to capture temporal dependencies within time-
series data (Romilly, 2005; Box and Jenkins., 1976).
However, these models often struggle to represent
nonlinear relationships that frequently occur in climatic
datasets (Shams et al. 2023).

Recent advances in machine learning have introduced
powerful techniques capable of modelling nonlinear
interactions within environmental datasets. Algorithms
such as Random Forest and Gradient Boosting Regression
have demonstrated strong predictive performance in
environmental modelling due to their ability to capture
nonlinear relationships and interactions between variables
(Breiman, 2001; Zhou et al. 2023). Random Forest is an
ensemble learning algorithm that constructs multiple
decision trees using bootstrap sampling and aggregates

their predictions to improve predictive accuracy and
reduce overfitting (Breiman, 2001). Gradient Boosting
Regression builds predictive models sequentially by
correcting the errors made by previous models in the
ensemble (Sibindi et al. 2023). Boosting-based algorithms
are particularly effective in environmental modelling
because they can capture nonlinear interactions between
climate variables and surface processes. Recent studies
have demonstrated the robustness of boosting models in
modelling temperature-related environmental processes
such as evapotranspiration and surface energy dynamics
(Kumar et al. 2024; Heramb et al. 2023; Wang et al. 2025;
Shu et al. 2026).

Despite these advances, comparisons between machine
learning techniques and classical statistical models remain
important for understanding their relative strengths and
limitations. Such comparisons help determine the
suitability of different modelling approaches for climate
prediction tasks. This study therefore aims to compare the
predictive performance of Random Forest, Gradient
Boosting Regression, and ARIMA models for forecasting
air temperature variations in the Greater Accra Region
using long-term meteorological observations.

2. Study Area

The study focuses on the Greater Accra Region of Ghana
(Figure 1), which is the political and economic hub of the
country. The region lies between longitude 0°03'W and
0°25'W and latitude 5°30'N and 5°53'N, covering an area
of approximately 3,533 km2 (Frimpong and Asonomaso-
Kwabre, 2022; Acheampong, 2021).
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Figure 1: Study Area Map

The region is bordered by the Gulf of Guinea to the south,
the Eastern Region to the north, and the Central Region to
the west. Greater Accra is characterized by coastal plains
and low-lying terrain that are highly influenced by coastal
climatic conditions (Darko et al. 2022; Appeaning, 2015).
The climate of the region is classified as tropical savannah,
characterized by two rainfall seasons and a prolonged dry
period influenced by Harmattan winds. The major rainy
season occurs between May and June, while the minor
rainy season occurs between October and November.
Average annual rainfall ranges between 740 mm and 1200
mm (Bessah et al. 2022; Adu-Prah et al. 2019).
Temperatures in the region remain relatively high
throughout the year, with average monthly temperatures
ranging between 25 °C and 29 °C. Rapid urbanization and
land-use change have significantly influenced the thermal
environment of the region, contributing to localized
warming effects often associated with urban heat island
dynamics (Waylen et al. 2014; Padi et al. 2022; Wemegah
et al 2020).

3. Materials and Methods

3.1 Data Source

Daily temperature data were obtained from the Ghana
Meteorological Agency for the period 1960-2018. The
dataset includes:

e Minimum air temperature (Tmin)
e Maximum air temperature (Tmax)

The average daily air temperature was calculated
according to Equation 1 as:

i Tmin+T max
The=2 5 @

Where Tmin and Tmax are the daily minimum and maximum
time series data, i is an integer ranging from 1 to n.

3.2 Data Preprocessing

Prior to model development, the dataset was preprocessed
to ensure consistency and reliability. Data cleaning
procedures included removal of missing values and
normalization of temperature variables to improve model
stability during training.

3.3 Random Forest Model

Random Forest is an ensemble machine learning algorithm
that constructs multiple decision trees and aggregates their
predictions to produce the final model output. The method
reduces overfitting and improves predictive accuracy
through bootstrap aggregation (Breiman, 2001). Random
Forest models are widely used in environmental modelling
due to their ability to capture nonlinear relationships
between predictors and response variables (Li et al. 2022)

3.4 Gradient Boosting Regression

Gradient Boosting Regression is another ensemble
learning technique that sequentially builds decision trees
to minimize prediction errors. Each new tree is trained to
correct the residual errors of the previous tree (Sibindi et
al, 2023). Boosting-based algorithms are well suited for
climate modelling because they effectively capture
nonlinear interactions between variables and can handle
complex environmental datasets (Kumar et al. 2024;
Heramb et al. 2023; Zounemat-Kermani and Kheimi,
2025; Zhang et al. 2025).

3.5 ARIMA Model

The ARIMA model is a classical statistical method for
time-series forecasting that combines autoregressive (AR),
differencing (1), and moving average (MA) components
(Box and Jenkins, 976). In this study, an ARIMA (0,1,1)
model was selected after testing for stationarity and
performing first-order differencing on the temperature
time series.
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3.6 Model Evaluation

To ensure reliable model evaluation, five-fold cross-
validation was applied. This approach reduces bias
associated with a single train-test split and improves the
robustness of the model performance assessment.

Model performance was evaluated using:

e Mean Squared Error (MSE)
e  Coefficient of Determination (R2)

4. Results and Discussion

4.1 Temperature Time-Series Trends

The time-series analysis of average air temperature in the
Greater Accra Region indicates fluctuations in temperature

Vol. 20, No. 1, April 2026

values over the study period with gradual warming trends
in recent decades. Figure 2 is the time series of average air
temperature.

4.2 Model Performance Comparison

The Random Forest model achieved the highest predictive
accuracy with MSE =0.0010 °C and R2=0.9996, followed
by the Gradient Boosting Regression model with MSE =
0.0015 °C and R2=10.9994. In contrast, the ARIMA model
showed considerably lower predictive accuracy. Figures 3,
Figure 4 and Figure 5 are the observed and predicted
temperature by each model and Table 1 is the presents the
model evaluation results of the RF, GBR, and ARIMA
models.

Time Series of Average Air Temperature
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Figure 2: Time Series of Average Air Temperature
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Figure 3: Observed vs Predicted Temperature by the Random Forest Model
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Table 1: Model Evaluation of the Models (units in Degree Celsius)

PCI MSE R?
RF 0.001022 0.9996
GBR 0.001521 0.9994
ARIMA 0.598179 0.3000

Observed vs Predicted Temperature (Gradient Boosting Regression)

—— Observed
321 GBR Predicted
;G 30+
°
2
© 284
()
o
IS
@
Y 264
©
g
I
24 1
22 1
0 5000 10000 15000 20000
Time Index

Figure 4: Observed vs Predicted Temperature by the Gradient Boosting Regression Model
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Figure 5: Observed vs Predicted Temperature by the ARIMA Model

4.3 Interpretation of Model Accuracy

The extremely high predictive accuracy observed in the
machine learning models is largely due to the deterministic
relationship between the predictor variables and the
computed target variable. Because the average
temperature is derived directly from minimum and
maximum temperature values, the models effectively learn

a direct mathematical relationship rather than complex
physical temperature dynamics. Similar observations have
been reported in recent studies where high model accuracy
may occur when predictors are directly related to the target
variable (Kumar et al. 2025; Fisher et al. 2019; Ortiz-
Garcia et al. 2014).
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4.4 Comparison with Previous Studies

Previous studies have demonstrated the effectiveness of
machine learning models such as Random Forest and
Gradient Boosting Regression in environmental prediction
tasks (Niu et al. 2019; Kumar et al. 2024). Recent research
also highlights the importance of integrating machine
learning models with physically meaningful predictors to
improve interpretability and reliability in environmental
modelling (Holzman et al. 2025).

5. Conclusions

This study compared the performance of Random Forest,
Gradient Boosting Regression, and ARIMA models for
predicting air temperature in the Greater Accra Region of
Ghana using long-term meteorological data. The machine
learning models demonstrated significantly higher
predictive accuracy than the classical ARIMA model.
However, the extremely high accuracy observed in the
models is partly due to the deterministic relationship
between the predictor variables and the computed target
variable. Future research should incorporate additional
environmental predictors such as humidity, solar radiation,
vegetation indices, and land-use characteristics to improve
the physical interpretability of temperature prediction
models. The findings demonstrate the potential of machine
learning approaches for climate prediction and
environmental monitoring in rapidly urbanizing regions.
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