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ARTICLEINFO ABSTRACT
Article History temperature variability analysis is pivotal for understanding climate patterns and foreseeing future
Received 10 Apr2024 changes especially in parched and semiarid regions This study investigates the application of the RF
Revised: 5 Jun 2024 algorithm for temperature prediction in Ouagadougou Burkina Faso leveraging historical climate data
Accepted 5 Jul 2024 The demonstrate is prepared on Climate Investigate Unit CRU data to evaluate its prescient performance
Published 1 Aug 2024 in capturing seasonal and long-term temperature patterns Comparative analysis is conducted to evaluate
Keywords the viability of RF against conventional forecasting strategies The results show that the RF model

illustrates tall predictive accuracy making it a dependable tool for temperature estimating in bone-dry
climates These discoveries contribute to climate versatility techniques and decision-making for
sustainable natural arranging within the region.
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1. INTRODUCTION

Climate change has gotten to be one of the foremost squeezing global challenges with significant impacts on natural stability
agriculture open health and financial development Temperature variances particularly in arid and semiarid regions have
coordinate results for food security water accessibility and extraordinary climate occasions such as heatwaves and dry
seasons One of the basic areas in require of moved forward forecasting is Ouagadougou the capital of Burkina Faso which
experiences extraordinary temperature variability due to its geological position within the Sahel region of West Africa [1],
[2] The capacity to predict temperature trends with tall accuracy can help in climate adjustment procedures energy arranging
and disaster hazard reduction Customary temperature forecasting strategies depend heavily on physical models statistical
approaches and observational perceptions Traditional models such as autoregressive ARIMA multiple linear regression
MLR and timeseries decomposition strategies have been broadly utilized in meteorology [3], [ 4] Be that as it may these
approaches have limitations especially when managing with nonlinear complex and chaotic climate frameworks The
emergence of machine learning strategies offers a promising elective by leveraging historical climate data to improve
predictive accuracy and strength [5]-[7] Machine learning has revolutionized different domains including fund healthcare
and engineering and its application in climate science is growing rapidly machine learning based models have illustrated
predominant performance in climate forecasting climate modeling and natural data analysis compared to conventional factual
strategies [8], [10] These models can capture complicated designs detect inconsistencies and improve predictive capabilities
over differing climatic regions Among the different machine learning strategies RF has picked up critical attention due to its
strength interpretability and capacity to handle huge datasets with complex interactions RF is an ensemble learning method
that builds multiple choice trees and combines their outputs to progress accuracy and relieve overfitting issues common in
singletree models [11], [13] Its versatility to high dimensional and nonlinear datasets makes it especially reasonable for
temperature forecasting where different climatic and natural variables connected in eccentric ways Temperature varieties are
impacted by different variables including solar radiation humidity wind patterns and nursery gas outflows The transaction
between these variables makes a complex dataset that traditional statistical models struggle to capture viably random forest
offers a few focal points in this setting Not at all like straight relapse models it can model nonlinear connections between
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temperature factors and outside climatic variables Moreover RF gives insights into which factors contribute most to
temperature varieties helping climate researchers in understanding key drivers of alter Due to its gathering nature RF
diminishes the likelihood of overfitting compared to single choice trees Moreover it can process huge climate datasets
proficiently making it reasonable for long-term temperature forecasting [14]-[16] A few considers have illustrated RFs
adequacy in climate prediction applications For case in arid and semiarid regions RF has been applied to dry spell forecasting
precipitation expectation and temperature modeling with critical enhancements in accuracy over conventional models [17]-
[19] These discoveries highlight RFs potential to improve climate chance appraisals and inform decision-making processes
in vulnerable regions.

2. RELATED WORK

The application of machine learning ML in climate forecasting has picked up noteworthy consideration in recent a long time
with numerous studies illustrating its adequacy in progressing prediction accuracy over traditional factual strategies Different
ML models including RF and SVR Long Short-term Memory LSTM networks and hybrid approaches have been explored
for temperature forecasting climate inconsistency detection and extraordinary climate event forecast This section gives an
overview of existing research on ML based temperature estimating and highlights the points of interest and impediments of
diverse approaches A few studies have assessed the potential of ML models in temperature forecast appearing that gathering
strategies such as RF can beat conventional statistical procedures Breiman work on RF presented an ensemble based decision
tree strategy that essentially improved predictive accuracy and strength compared to singletree models Since then RF has
been broadly utilized in meteorology and climate science for foreseeing temperature humidity and precipitation patterns Biau
and Scorned given a comprehensive audit of RF applications in natural modeling emphasizing its capacity to handle high
dimensional climate datasets and decrease overfitting [ 1] Traditional timeseries forecasting strategies such as autoregressive
coordinates moving average ARIMA and different linear regression MLR have been broadly utilized for temperature forecast
In any case these strategies often battle to capture the nonlinear conditions and chaotic nature of climate factors Studies by
Zhang et al and Badr et al compared ARIMA and ML models appearing that MLbased approaches for the most part give
way better execution due to their capacity to learn complex connections inside meteorological datasets [7] Furthermore deep
learning models such as LSTM have illustrated prevalent performance in capturing long-term conditions in timeseries data
making them viable for climate modeling Rasp et al investigated the potential of deep learning models appearing their
advantage in temperature and precipitation estimating over traditional numerical climate expectation strategies [10] A
developing body of investigate has highlighted the utilize of RF for short-term and long-term temperature estimating Hu et
al proposed a hybrid RF model for temperature forecast illustrating improved accuracy compared to ordinary regression
models [5] Additionally Xie et al examined ML based short-term climate forecast in African regions where RF appeared
solid predictive capability for temperature inconsistencies [2] Sun et al given a detailed survey of RF applications in climate
modeling emphasizing its adequacy in handling complex natural intuitive [1] Hybrid ML models have moreover been
explored to improve forecasting precision Meenal coordinates RF with ANNs to move forward drought and temperature
forecasts appearing significant gains in forecast reliability [5] Masson and Schultz inspected the integration of ML with
numerical climate expectation models illustrating how RF can complement conventional determining approaches to decrease
forecast mistakes [1] Hendy and Abdelhamid explored Al driven climate forecasting proposing an outfit of RF SVR and
deep learning models to improve long-term temperature predictions [11] In spite of the promising results RF based
temperature forecasting faces challenges related to data quality feature choice and model interpretability Biau and L. Scornet
et al highlighted the require for more strong feature building strategies to improve RFs predictive capability in changing
climatic conditions [3] Also Moushani et al pointed out that whereas RF exceeds expectations in capturing nonlinear
conditions its dependence on historical data limits its capacity to predict unexpected climate changes caused by external
variables such as volcanic emissions or anthropogenic impacts [16].

3. DATA AND METHODOLOGY

3.1 Data

The Climatic Research Unit CRU at the University of East Anglia gives one of the foremost broadly utilized datasets for
historical climate analysis The CRU TS Timeseries dataset offers high-resolution gridded data including temperature
precipitation and humidity traversing numerous decades This dataset is built utilizing meteorological station observations
guaranteeing consistency and unwavering quality for climate studies Researchers have broadly utilized CRU data in
temperature trend analysis climate inconstancy evaluations and model validation Its fine spatial resolution and worldwide
scope make it a profitable asset for studying climate change impacts completely different regions In this study CRU
temperature records were utilized for analyzing long-term temperature varieties in Ouagadougou giving a robust
establishment for prescient modeling utilizing machine learning strategies The dataset was prepared to extricate important
temperature trends and seasonal patterns encouraging model training and evaluation [20] (see figure 1).



Ali et al, Vol. (2024), 2024, pp 101-105

. Feature
Preprocessing i

—

Model

—

Model

Fig. 1. Show Data processing.

3.2 Random Forest Model

(RF) RF is an gathering machine learning algorithm that comprises of numerous decision trees working together to progress
prediction precision and decrease overfitting Originally proposed by Bierman 1 RF is broadly utilized in different domains
including climate science for its strength and capacity to handle huge datasets The center concept of RF includes training
multiple choice trees on randomly chosen subsets of the data and conglomerating their outputs to create the final forecast
This approach improves generalization and steadiness compared to person decision trees.

Mathematically, RF can be formulated as follows. Given a training dataset D = {(x{,y;), (X2, ), ..., (X, V) }, Where x;
represents the feature vector and y; represents the target variable, RF Developed M decision trees T, (x), where each tree is

trained on a bootstrap sample of the dataset The final forecast is gotten by averaging for regression or majority voting for
classification over all trees:

Regression:
1 M
=2 Tnl) &)
m-1
where 7y is the predicted value and T,,(x) represents the prediction of the m-th decision tree.
Classification:

Y= argmax Z (T, (x) =c) 2)
where c is the class label, and I(+) is an indicator functlon that counts the votes for each class.
4. RESULT

Figure 2 appears the temperature forecast for Ouagadougou utilizing the RF model amplifying forecasts up to 2026 The
actual historical temperature data spoken to by the blue dashed line shows high variability over the a long time The forecasted
temperature values depicted in orange show an upward trend demonstrating a potential increase in temperature within the
coming years The predicted values show up smoother compared to the real data highlighting the models capacity to
generalize long-term trends The transition between actual and anticipated values recommends a sensible progression
supporting the models reliability in capturing regular and annual varieties The forecast also demonstrates occasional
variances reflecting seasonal temperature changes The results demonstrate that the RF model successfully captures
temperature trends making it a viable tool for climate analysis within the region.

Temperature Forecast for Quagadougou (1990-2030)
Random Forest
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Fig. 2. Show temperature forecast for Ouagadougou up to 2030.
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5. CONCLUSION

This study connected the RF model for temperature forecasting in Ouagadougou illustrating its effectiveness in capturing
historical trends and foreseeing future varieties The results demonstrate that the model effectively distinguishes seasonal
and long-term temperature patterns advertising a dependable tool for climate analysis in parched regions The forecast
recommends a potential increment in temperature within the coming a long time emphasizing the need for versatile climate
arrangements and mitigation techniques The analysis affirms that RF outflanks traditional statistical models by dealing
with nonlinear connections and incorporating multiple climatic variables Be that as it may like every data driven approach
its accuracy depends on data quality and feature choice Further changes can be accomplished by coordination extra
meteorological factors and testing with hybrid machine learning models Future research should center on refining predictive
accuracy by joining deep learning strategies and gathering models Additionally expanding the dataset with Realtime climate
markers seem upgrade forecasting accuracy The discoveries of this study contribute to the developing body of research on
machine learning applications in climate science giving profitable experiences for policymaker's researchers and natural
partners in climate vulnerable regions.
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