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ABSTRACT

Public transportation is a key strategy for lowering greenhouse gas emissions, yet inefficiencies in demand prediction
and resource allocation reduce its effectiveness. This study presents a data-driven framework that integrates Internet
of Things (IoT) behavioral data with machine learning (ML) models to improve transit efficiency and mitigate carbon
emissions. The loT-Carbon Footprint Dataset, containing 10,000 daily activity records on energy use, travel distance,
and transport mode, was analyzed using regression, classification, and clustering techniques. Linear Regression showed
strong predictive accuracy (R? = 0.854, MAE = 2.96), while Logistic Regression achieved 87.1% accuracy in
classifying high- and low-emission groups. K-means clustering, despite low cohesion (Silhouette Score = 0.103),
identified general mobility profiles such as habitual car users and public transport commuters. The results demonstrate
that simple, interpretable ML models can provide robust insights for evidence-based policy, supporting low-emission
mobility and efficient transit planning. This framework illustrates the practical application of loT data and ML in
advancing sustainable urban transportation.
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I. INTRODUCTION

Green public transportation is now a global priority as cities face mounting traffic congestion, air
pollution, and climate change issues. The transport sector is among the world's largest greenhouse gas
emitters, and maximizing its efficiency is crucial to reducing the overall carbon footprint. Public transit
systems, when managed efficiently, can significantly reduce emissions by substituting individual vehicles
with shared mobility. Yet, scheduling inefficiencies, inadequate demand planning, and a lack of flexibility
to respond to real-time conditions commonly hinder their ability to meet sustainability objectives.

The emergence of the Internet of Things (IoT) has created new avenues for gathering and analyzing
mobility and energy data. IoT sensors installed in vehicles, smart meters, and GPS-enabled units create
unbroken streams of data on passenger flows, energy consumption, and environmental conditions. These
sources of data enable researchers and policymakers to track the impact of transport modes on carbon
emissions at both individual and system levels.

Machine learning (ML) methods are crucial for interpreting large IoT datasets. Using regression,
classification, and clustering models, it is possible to forecast carbon emissions, identify patterns in travel
behavior, and inform transportation policy. Decision support systems based on ML can assist public
transport planning through demand forecasting, encouragement of low-emission modes, and adaptive
policy support.

While past studies have examined either the operational efficiency of transit systems or carbon footprint
mitigation in energy and mobility environments, few studies have merged both aspects. This gap exists in
recognizing how data mining, driven by IoT and ML predictions, can be integrated into a model that
enhances transportation efficiency while also reducing carbon emissions.

Thus, this study proposes to create a data-centric framework that integrates transportation options with
ML predictions to reduce the carbon footprint. Through the utilization of IoT datasets, this work provides
practical insights for enhancing public transportation systems and promoting sustainable urban mobility.

II. LITERATURE REVIEW

Machine learning (ML) has been widely adopted to improve public transportation systems, particularly in
predicting travel times, passenger demand, and service reliability. Early statistical and regression models
often struggled to capture nonlinear and dynamic traffic conditions, which led to the development of
more advanced ML approaches. Decision trees, support vector machines, and ensemble models have
demonstrated higher accuracy in predicting passenger flows and identifying operational bottlenecks [1];
[3]. Deep learning approaches, such as recurrent neural networks (RNNs) and long short-term memory
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(LSTM) networks, have further improved travel time and demand prediction by modeling temporal
dependencies in transit data [4]. Moreover, smart card and GPS datasets have been analyzed using
clustering and pattern mining techniques to uncover passenger behavior trends, peak travel times, and
route-level inefficiencies that can inform better scheduling and resource allocation [5], [6].

In parallel, IoT-based data collection has enabled real-time monitoring of mobility and energy
consumption, supporting research on sustainability and carbon footprint analysis. Studies have applied
ML models to IoT-derived data, such as energy usage, GPS-based travel distance, and smart meter
readings, to estimate and predict individual and system-level carbon emissions [7]. IoT sensors embedded
in vehicles and infrastructure also provide continuous data streams for monitoring energy efficiency and
environmental impact in transportation systems [8]. Researchers have demonstrated that integrating loT
data with ML enables more accurate forecasting of emissions and facilitates policy recommendations for
sustainable transport planning [9]. Furthermore, IoT-based carbon monitoring frameworks for smart
cities have shown the potential of linking user mobility behaviors with emission reduction strategies [10].
Recent studies highlight the role of ML in emission prediction. Udoh et al. [11] applied ML to predict
CO, emissions in light-duty vehicles, while [12] extended this to multi-fuel innovative ships using onboard
sensor data. Similarly, [13] demonstrated that LSTM-based models can accurately estimate CO, emissions
from road transport. In parallel, Oladimeji et al. [14] provide a broader overview of IoT and ML
applications in intelligent transportation systems, reinforcing the relevance of integrating loT-driven
datasets into sustainable mobility research

Although significant progress has been made in optimizing transit efficiency through ML [1]; [6] and
analyzing carbon emissions using loT data [7]; [10], these research directions have developed mainly in
isolation. Most studies either emphasize operational accuracy in public transport optimization or focus
on emission monitoring without addressing transit service improvements. Few works have attempted to
integrate loT-driven behavioral data with ML predictions to optimize public transit efficiency while
reducing its carbon footprint jointly. This research addresses the gap by developing a framework that
leverages IoT data and ML models to predict emissions, analyze transportation mode choices, and propose
strategies for optimizing sustainable public transportation.

III. RESEARCH METHODOLOGY

A. Research Framework

This study adopts a data-driven framework that integrates IoT-derived behavioral data with machine
learning models to optimize public transportation and reduce carbon emissions. The framework consists
of four main stages:

i. Dataset selection and preprocessing - The dataset used in this study is sourced from Kaggle under the
title IoT Carbon Footprint Dataset. It contains 10,000 entries, each representing an individual, and
includes features related to energy consumption, transportation, and environmental conditions.

ii. Feature engineering and data transformation - Deriving meaningful features, normalizing continuous
variables, and encoding categorical attributes.

iii. Machine learning model development - Implementing supervised (regression and classification) and
unsupetrvised (clustering) models to predict and optimize carbon-efficient transport usage.

iv. Performance evaluation and interpretation - Assessing the models using appropriate evaluation
metrics and interpreting their implications for sustainable public transportation.

B. Dataset Description

The loT-Carbon Footprint Dataset is utilized as the primary data source. It contains 10,000 entries
representing individuals’ daily activities, with attributes such as energy usage, transportation distance,
vehicle type, smart appliance usage, renewable energy percentage, environmental conditions (temperature
and humidity), and estimated carbon emissions. Transportation-related features (e.g., vehicle type and
travel distance) are emphasized to evaluate the impact of different modes of mobility—particularly public
transportation—on carbon footprint.

C. Data Preprocessing
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The dataset is cleaned to handle missing values, normalize continuous features (e.g., distance, energy
usage), and encode categorical variables (e.g., vehicle type, building type). Outliers are identified and
removed using interquartile range analysis to improve model robustness. An 80:20 train-test split is
applied for model validation.

D. Machine Learning Models
Three categories of ML techniques are employed:

+* Regression Models - Multiple linear regression and random forest regression are used to predict daily
carbon emissions (kgCO3) based on energy usage, travel distance, and transportation choice.
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Explain: ¢ is carbon footprint, ; are predictors (distance, transport mode, energy
use), ﬂ,— are coefficients, and € is error.

+¢ Classification Models - Logistic regression and support vector machines (SVM) are applied to classify
. . . . « .. ” “i. o e » . . .
individuals into “low-emission” and “high-emission” groups, supporting targeted interventions.
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Explain: This models the probability of a trip being "high-emission” vs. “low-

emission.”

¢ Clustering Models - K-means clustering is used to identify distinct travel behavior groups (e.g.,
habitual car users, frequent bus commuters, mixed-mode travelers), providing insights into potential
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mode-shift strategies.

Explain: k is the number of clusters, C; is cluster 2, and L; is the centroid.

E. Data Mining and Pattern Extraction

Beyond predictive modeling, association rule mining is conducted to uncover behavioral patterns, such
as correlations between renewable energy usage, transport choices, and emission outcomes. These insights
aim to inform public transport policies that promote bus usage and the integration of electric vehicles.

F. Performance Evaluation

The regression models are evaluated using Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and R? score, while classification performance is assessed with accuracy, precision, recall, and F1-
score. For clustering, silhouette score is applied to measure cluster cohesion and separation. The results
are compared across models to identify the most effective ML techniques for emission prediction and
transport optimization.

G. Implementation Tools
All experiments are implemented using Python, with libraries such as Scikit-learn for machine learning,
Pandas and NumPy for data processing, and Matplotlib for visualization.

IV. RESULTS AND DISCUSSION
A. Regression Analysis

Table 1. Regression Results for Carbon Emission Prediction

| Model | RMSE | MAE | R2
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Linear 3.76 2.96 0.854
Random Forest 3.94 3.08 0.840

Table I summarizes the regression results for carbon emission prediction using Linear Regression and
Random Forest models. Both models demonstrated strong predictive power, with Linear Regression
slightly outperforming Random Forest (Rz = 0.854 vs. 0.840). The Root Mean Square Error (RMSE)
values indicate that both models were able to estimate carbon emissions with minimal deviation from
actual values. The lower Mean Absolute Error (MAE) of Linear Regression (2.96) further reinforces its
robustness in capturing the linear relationship between travel distance, energy usage, and emission
outcomes.

This scatter plot in Figure 1 is for comparing actual vs. predicted carbon emissions (in kgCO,) based on
a Random Forest regression model. Each of the blue dots is one data point where the x-coordinate is the
actual carbon emission value and the y-coordinate is the prediction produced by the model. Ideally, the
perfect predictions should lie on the red dashed diagonal line (line of equality where actual = predicted).
The tight clustering of points around this line—particularly within the lower to mid-emission range—
means that the model does well, although some deviation can be seen at higher levels of emissions where
predictions are slightly lower than actual emissions (points lie below the line). This indicates that the
model generalizes well in terms of capturing overall trends but fails to predict extreme or higher values,
as is typical of complex nonlinear regressors such as Random Forest.

Actual vs Predicted Carbon Emissions (Random Forest)
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Figure 1. Actual vs Predicted Carbon Emissions
B. Classification Performance

Table 2. Result of the Evaluation Metrics

Model Accuracy Precision Recall F1-Score
Logistic Regression 0.871 0.873 0.874 0.873
Random Forest 0.862 0.864 0.863 0.864
SVM (RBF Kernel) 0.860 0.857 0.869 0.863

The classification results in Table 2 demonstrate the effectiveness of Logistic Regression, Random Forest,
and Support Vector Machine (SVM) in distinguishing between high-emission and low-emission
individuals. Logistic Regression achieved the highest accuracy (87.1%) and Fl-score (0.873),
outperforming Random Forest and SVM. The results suggest that even a simple linear model is highly
effective in this task, highlighting a strong separation between emission categories within the dataset.
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This bar chart plots the performance of three machine learning classifiers—Logistic Regression, Random
Forest, and Support Vector Machine (SVM)—on four evaluation metrics: Accuracy, Precision, Recall, and
Fl-score. Each model is shown with grouped bars in different colors representing the metrics, as labeled
in the legend. In general, Logistic Regression performs marginally better on all four metrics with scores
remaining around 0.87, showing balanced and stable performance. Random Forest has slightly lower
values, approximately 0.86, with very close Precision, Recall, and F1-score measures, indicating consistent
but slightly below-par predictions than Logistic Regression. SVM has the highest Recall, implying good
sensitivity in detecting positive cases, but the trade-off is in terms of lower Precision, resulting in the lowest
Accuracy among the three. This compromise is also evident in its Fl-score, which is similar but lagging
behind Logistic Regression. The plot indicates that although all three models have relatively good
performance, Logistic Regression has the overall best compromise between classification metrics in this
particular use case.
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Figure 2. Classification Model Performance
C. Clustering Results

Table 3. Clustering Analysis

Model Silhouette Score
K-Means 0.103

The clustering analysis using K-means yielded a Silhouette Score of 0.103, as shown in Table 3. This
relatively low score suggests that the dataset lacks well-defined cluster boundaries, reflecting the
complexity and overlap of individual travel behaviors. Despite this, clustering provides valuable
exploratory insights, particularly in identifying broad patterns such as habitual car users, frequent public
transport commuters, and mixed-mode travelers.

Although the numerical cohesion is limited, the analysis still revealed meaningful behavioral
archetypes, such as habitual private car users, frequent public transport commuters, and mixed-mode
travelers see Figure 3. These broad groupings are valuable for exploratory analysis, even if the
mathematical separation is weak. From a policy perspective, identifying car-dependent segments is
particularly important, as they represent high-emission groups that could benefit most from incentives to
adopt public transportation or low-emission alternatives.

The low silhouette score can be attributed to two main factors: (i) the overlapping nature of urban
mobility patterns, where many individuals cannot be assigned to a single homogeneous category, and (ii)
the assumptions of K-means, which works best on spherical, well-separated clusters. In this context,
clustering should not be viewed as a precise segmentation method, but rather as a diagnostic tool for
uncovering broad mobility tendencies.
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For future work, clustering performance could be enhanced by incorporating advanced methods such
as DBSCAN, Gaussian Mixture Models (GMM), or spectral clustering, which are better suited for
capturing irregular cluster shapes and fuzzy group boundaries. Additionally, the creation of derived
features (e.g., emissions per kilometer, proportion of trips by public transport) may improve separability
between traveler groups. Overall, while the clustering score is modest, the results demonstrate the
potential of unsupervised learning to provide exploratory behavioral insights that complement the
stronger regression and classification models.
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Figure 3. Clustering Performance

D. Heatmap Analysis

The results demonstrate that machine learning models can effectively capture and predict the
relationship between transportation choices and carbon emissions see Figure 4. Linear Regression proved
sufficient for regression tasks due to the strong linear trends in the dataset, while Logistic Regression was
most effective for classification. The clustering results, though limited in cohesion, provided exploratory
insights into behavioral segments that could guide targeted interventions.

The findings reinforce the potential of integrating loT-derived data with machine learning to optimize
sustainable transportation. Policymakers can use these insights to promote low-emission behaviors, such
as incentivizing public transport and integrating renewable energy use. Moreover, the study emphasizes
the importance of simple yet effective models, which provide interpretability, computational efficiency,
and predictive accuracy.

Figure 4. Correlation Heatmap
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V. CONCLUSION

This study demonstrated the integration of Internet of Things (IoT) data and machine learning (ML)
techniques to optimize public transportation and reduce carbon emissions. By analyzing loT-derived
datasets that captured travel behaviors, energy usage, and environmental conditions, the study evaluated
regression, classification, and clustering models for their predictive effectiveness.

The regression results showed that linear regression achieved the highest accuracy (R? = 0.854),
confirming the presence of a strong linear relationship between travel distance, energy usage, and carbon
emissions. In classification tasks, Logistic Regression outperformed Random Forest and SVM with an
accuracy of 87.1%, suggesting that simple linear classifiers can effectively distinguish between high- and
low-emission groups. Clustering analysis with K-means achieved a low Silhouette Score of 0.103,
indicating weak cluster separation; however, it still provided exploratory insights into broad travel
behavior patterns.

Overall, the findings highlight that ML models, particularly linear approaches, are practical tools for
supporting sustainable mobility decisions. The results also highlight the importance of loT-enabled data
collection in providing policymakers with real-time insights. By leveraging these insights, transport
authorities can promote low-emission travel behaviors, enhance public transport efficiency, and design
data-driven strategies for reducing urban carbon footprints.

Future research can expand on this work by applying advanced clustering methods, incorporating deep
learning models for more complex pattern recognition, and testing the framework on larger, real-time
IoT datasets. Such improvements will strengthen the predictive capacity of ML-driven systems and further
support the transition toward sustainable and intelligent transportation networks.
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