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ABSTRACT: This study employs advanced machine learning algorithms Random Forest, Gradient Boost-
ing Machines (GBM), and XGBoost to predict normalized temperatures in major Pakistani cities, focusing
on Lahore. Using a comprehensive dataset divided into training and testing subsets, model performance
was evaluated using Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and R-squared (
R? ). Results show that XGBoost excelled with the lowest RMSE (0.0281), MAE (0.0219), and high-
est R?(0.9879), demonstrating superior predictive accuracy. Gradient Boosting and Random Forest also
performed well, confirming the efficacy of ensemble methods for temperature forecasting. This study high-
lights the potential of machine learning in environmental analysis, offering a scalable framework for climate

predictions and informed urban planning.
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I. INTRODUCTION

This research addresses the critical issue of climate
change, focusing on temperature forecasting for Pak-
istan’s major cities—Lahore, Islamabad, Karachi, Mul-
tan, Quetta, and Faisalabad. These cities, represent-
ing diverse climatic and geographical regions, experi-
ence temperature variations influenced by global warm-
ing, urbanization, and natural factors?. Tempera-
ture predictions are crucial for addressing the effects
of climate change in agriculture, urban development,
energy consumption, and disease prevention®?. Tra-
ditional statistical methods have struggled to analyze

a)Electronic mail: muhammad.bilal@math.uol.edu.pk

temperature data due to its complexity. To this end,
this study employs Random Forest, Gradient Boost-
ing, and XGBoost machine learning algorithms suitable
for multivariate analysis, identifying interaction effects,
and mitigating overfitting®®. Past daily temperature
trends over the last five years are analyzed to identify
patterns and make future projections. These models
combine results from various base models, yielding im-
proved predictions”. The socio-economic significance of
temperature forecasting forms the basis of this study’s
focus. In agriculture, it can assist farmers in select-
ing appropriate crop varieties, determining optimal sow-
ing or harvesting times, and efficiently utilizing water
resources®. Urban planners can use this data to develop
climate-resilient structures, such as heat-emitting build-
ings and green spaces’. In energy management, temper-
ature predictions help forecast electricity load demand
during extreme weather, while healthcare workers can
proactively address heat-related ailments, particularly
among vulnerable populations!®. This study aims to
enhance the effectiveness of temperature predictions to
aid policymakers in developing region-specific climate
strategies'!. Thus, it bridges the gap between tradi-
tional approaches and state-of-the-art machine learning,
setting a new standard for temperature trend analysis in
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Pakistan'?. The study also offers insights applicable to
other developing countries facing similar climatic chal-
lenges and encourages further research and real-world
applications of ensemble machine learning across diverse
climates''13. Finally, this work enhances the produc-
tivity of data analysis in addressing climate change and
related issues, promoting sustainable development and
further research toward effective solutions to increasing
climate variability®.

II. METHODOLOGY

A. Research Objectives

The primary objectives of this study are:

1. To develop and evaluate predictive models for
temperature forecasting in Pakistan’s major cities.

2. To compare the effectiveness of Random Forest,
Gradient Boosting, and XGBoost models in tempera-
ture prediction.

3. To identify key factors contributing to the superior
performance of a given model.

4. To assess how the study’s results align with or differ
from existing literature on temperature forecasting.

B. Justification for Machine Learning Models

Traditional statistical methods struggle to analyze tem-
perature data due to its complexity and non-linearity.
Machine learning models such as Random Forest, Gradi-
ent Boosting, and XGBoost offer advantages in handling
multivariate analysis, identifying interaction effects, and
reducing overfitting®!%. These models combine the re-
sults of multiple base learners to improve predictions’.
While neural networks and support vector machines
(SVM) are also viable options, they often require ex-
tensive computational resources and fine-tuning. XG-
Boost, in particular, is known for its efficiency and high
predictive accuracy in structured datasets”. This study
evaluates whether XGBoost outperforms other models
and discusses its advantages compared to deep learning
methods.

C. Contribution to Literature

This study aims to bridge the gap between traditional
statistical approaches and modern machine learning
techniques in temperature forecasting. While previ-
ous research has demonstrated the effectiveness of ma-
chine learning for climate modeling, limited studies have
focused on Pakistan’s climatic conditions. Addition-
ally, few studies have systematically compared ensem-
ble models with deep learning methods for temperature

prediction in the region. By evaluating and compar-
ing the models, this research establishes a benchmark
for future studies and practical applications in climate-
related decision-making.

III. RESULTS AND DISCUSSIONS

This section provides detailed results of the temperature
data collected from six leading cities of Pakistan. Thus,
the concentration is made only on descriptive statistics,
normalization for obtaining better comparison, correla-
tion, and visualization to identify the temperature trend
and the relation between them.

A. Dataset Overview

The dataset comprises 1,828 observations and seven
columns, including the date and daily mean tempera-
ture data for six major cities in Pakistan: Lahore, Is-
lamabad, Karachi, Multan, Quetta, Faisalabad. The
filter column called the date has been shifted to the
proper data type known as Date to improve data filter-
ing and analysis. The temperature variables are the
firstdegree Celsius averaged daily mean temperatures
for these cities and thus the analysis of these variables
captures the changes in temperatures done at more than
one location. This set of data can prove useful to inves-
tigate temperature fluctuations seen in Table I and their
dynamics over periods necessary for climate research in
the context of the Pakistani climate.

B. Temperature Trends

Seasonal fluctuations as obtained from diurnal tempera-
ture data show different patterns for the cities. The tem-
perature variation that Karachi has is a minimum show-
ing that it has a moderate coastal climate. Whereas, La-
hore, Multan and Faisalabad have more variation during
the year with high temperature fluctuations showing the
symptoms of extreme climate. Out of all the analyzed
cities, Quetta has the highest altimetry and the lowest
average temperatures.

C. Correlation Analysis

The correlation matrix was computed in Table II to un-
derstand inter-city temperature relationships.

From the result it is concluded that Lahore and Mul-
tan have the highest coefficient ( +0.96 meaning that
climate of both cities are correlated)., while it is rather
weak when it comes to the inland cities which have
different climate conditions than Karachi due to the
coastal continental climate.
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TABLE I: Temperatures Summary Statistics.

City Mean ( °C ) Standard Deviation ( °C ) Min ( °C ) Max ( °C)
Lahore 24.67 8.37 7.54 40.56
Islamabad 21.58 7.67 5.16 37.98
Karachi 26.15 3.95 14.80 34.55
Multan 27.13 8.76 7.72 41.35
Quetta 15.92 8.48 -5.81 31.25
Faisalabad 25.47 8.68 6.93 40.98
Correlation Heatmap of Cities’” Temperatures
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FIG. 1: Correlation Heatmap.
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D. Heatmap of Correlations

A heatmap was generated for visualizing the correla-
tion matrix, highlighting the strongest (dark red) and
weakest (light blue) correlations in Fig. 1.

The temperature differences of the coastal and inland
cities are totally different showing that geography plays
an important role in climate (Fig. 2). The tests show-
ing high value indicate the regional climate relationship
of Moreno with certain cities like Lahore and Multan.
Normalization allows comparing data from different lo-
cations and at different times more effectively, and an
understanding of temperature fluctuations is visually
clear. R’s code implementation was used effectively for
data preprocessing, analysis and visualization and the
developed platform encapsulates a strong foundation to
build upon for further study.

amabad
| Lahone
isalabad

E. Evaluating Predictive Models for Lahore's Normalized
Temperature Data

For this work, the T2Mahore,orm dataset with nor-
malized temperature data of the Pakistani cities was
employed with Random Forest (RF), Gradient Boosting
(GBM), and XGBoost predictive models. After prepro-
cessing. Hence, the models were trained, tested and a
comparative evaluation was made on varying training-
test split to the developing 20-70-10 split set of the data.
RF made use of the largest amount of decision trees
through boot strapping while GBM constructed many
weak models in a sequence to reduce prediction mistake.
Logistic regression trees were used in XGBoost, which
stands for extra Gradient Boosting, as the base of GBM
were improved for efficiency. Prediction accuracy indi-
cators such as root mean square error (RMSE, the lower
the better precisions), mean absolute error (MAE), and
the coefficient of determination ( R2, the closer to 1 ,
the better) were used.
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FIG. 2: No. of Iteration(trees) to reduce the error.

TABLE II: Correlation Table.

Lahore Islamabad Karachi Multan Quetta Faisalabad

Lahore 1.00 0.89 0.71 0.96 0.69 0.95
Islamabad 0.89 1.00 0.68 0.86 0.74 0.87
Karachi 0.71 0.68 1.00 0.70 0.55 0.73
Multan 0.96 0.86 0.70 1.00 0.71 0.96
Quetta 0.69 0.74 0.55 0.71 1.00 0.72
Faisalabad 0.95 0.87 0.73 0.96 0.72 1.00

F. Model Evaluation

The evaluation results are summarized in Table ITI. XG-
Boost was the most accurate model with lowest RMSE
of 0.0281 and MAE 0.0219 and highest R? of 0.9879 ,
therefore the model recommended for temperature pre-
diction. Random forest also had RMSE and MAE sub-
stantially greater than XGBoost though slightly better
than a constant model, which indicates slightly worse fit
in terms of Random Forest model. As expected, Gra-
dient Boosting was similarly efficient though it demon-
strated slightly worse accuracy compared to XGBoost
and Random Forest in terms of error rate.

TABLE III: Model Evaluation Metrics.

Model  RMSE MAE R?Z
Random -, 5081 0.0225 0.9877
Forest
Gradient o 1004 .0238 0.9870
Boosting

XGBoost 0.0281 0.0219 0.9879

IV. CONCLUSION

This study highlights the effectiveness of machine learn-
ing models in temperature forecasting for Pakistan’s
major cities, with XGBoost emerging as the most ac-
curate model, surpassing Random Forest and Gradi-
ent Boosting in predictive performance. The findings
emphasize the significance of ensemble learning tech-
niques in climate modeling and forecasting. XGBoost
demonstrated superior accuracy due to its advanced op-
timization and regularization techniques, while Lahore
and Multan exhibited the strongest temperature cor-
relation, reflecting similar climatic patterns. Karachi’s
coastal influence resulted in lower temperature fluctua-
tions compared to inland cities. The study’s outcomes
align with previous research, confirming the efficiency
of XGBoost for structured climate data. Improved fore-
casting can benefit various sectors, including agriculture
by aiding farmers in planning crop cycles and resource
allocation, urban planning by supporting infrastructure
resilience strategies, energy management by optimizing
energy distribution, and healthcare by mitigating heat-
related health risks. Future research should explore hy-
brid machine learning models integrating deep learning
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techniques to enhance temperature prediction accuracy.
By setting a benchmark for regional climate forecast-
ing, this study contributes to better decision-making in
climate adaptation and policy planning.
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