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Abstract: The emergence of smart cities has presented the prospect of transforming urban transporta-
tion systems into more sustainable and environmentally friendly entities. A pivotal facet of achieving
this transformation lies in the efficient management of traffic flow. This paper explores the utilization
of machine learning techniques for predicting traffic flow and its application in supporting sustainable
transportation management strategies in smart cities based on data from the TRAFFIC CENSUS of the
Hong Kong Transport Department. By analyzing anticipated traffic conditions, the government can
implement proactive measures to alleviate congestion, reduce fuel consumption, minimize emissions,
and ultimately improve quality of life for urban residents. This study proposes a way to develop
traffic flow prediction methods with different methodologies in machine learning with a comparison
with other results. This research aims to highlight the importance of leveraging machine learning
technology in traffic flow prediction and its potential impact on sustainable transportation systems
for the green innovation paradigm. The findings of this research have practical implications for
transportation planners, policymakers, and urban designers. The predictive models demonstrated
can support decision-making processes, enabling proactive measures to optimize traffic flow, reduce
emissions, and improve the overall sustainability of transportation systems.

Keywords: smart city; transport management; machine learning technology; green innovation

1. Introduction

Smart cities have emerged as a transformative solution for urban areas seeking to
address the complex challenges of rapid urbanization, environmental sustainability, and ef-
ficient resource management. With the growing recognition of the impact of transportation
on the environmental footprint of cities, there is an increasing need to develop sustainable
transportation systems that decrease congestion, decrease fuel consumption, and decrease
carbon dioxide emissions. Approximately 25% of all greenhouse gas emissions are at-
tributed to transportation [1]. Allocating resources to advancing smart mobility aligns
with the objectives of smart city strategies, as it promotes eco-friendly transportation so-
lutions [2]. In this context, the effective management of traffic flow plays a crucial role in
optimizing transportation networks and creating eco-friendly smart cities.

Traditional approaches to traffic management, such as signal timing and synchroniza-
tion and traffic enforcement, have often relied on reactive measures based on real-time
traffic data. In 2019, Wei introduced a method for forecasting traffic flow by employing
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autoencoders and long short-term memory (LSTM) networks [3]. Within their dataset, they
exclusively leveraged three key attributes: occupancy, speed, and traffic flow. However,
these methods are often insufficient to meet the demands of rapidly evolving urban areas.
Recognizing the potential of advanced technologies, such as machine learning algorithms
and data analytics, researchers and practitioners are turning to predictive models for traf-
fic flow prediction to address traffic congestion and promote sustainable transportation
systems proactively.

The aim of this study is to explore the potential of leveraging traffic flow predic-
tion using machine learning algorithms to support sustainable transportation systems in
smart cities. By accurately forecasting traffic patterns and conditions, governments and
transportation departments can proactively plan and implement measures to mitigate
congestion, optimize traffic signal timing, and provide alternative transportation options.
This proactive approach promises to not only improve traffic flow, but also contribute to
reducing fuel consumption, carbon dioxide emissions, and the overall carbon footprint,
resulting in more sustainable urban environments. The data extracted from the Hong
Kong Transport Department indicated the traffic in different areas during peak hours in
the morning and evening from Monday to Sunday. The variable data helped the prediction
model to achieve high accuracy, better robustness, and high reliability.

The concept of sustainable transportation systems in smart cities encapsulates a range
of strategies and approaches. These include enhancing public transportation networks, pro-
moting active transportation modes, such as cycling, walking, and e-scooters [4], creating
pedestrian-friendly infrastructure, and encouraging the use of low-emission vehicles. By
leveraging traffic flow prediction, these strategies can be further optimized and tailored
to the unique needs of each city, resulting in more efficient and eco-friendly transporta-
tion systems.

Machine learning algorithms have shown great promise in predicting traffic flow
patterns due to their ability to analyze large volumes of historical traffic data, real-time
data, weather conditions, and other relevant factors. Regression-based methods, time
series analysis, and artificial neural networks are among the machine learning algorithms
commonly employed in traffic flow prediction. These models consider various variables,
including historical traffic patterns, the day of the week, time of the day, special events, and
weather conditions, to generate accurate predictions of future traffic flow. Predicting traffic
flow is a time-series-based challenge, where future traffic flow values are estimated based
on historical data from one or more locations [5]. This problem is further complicated by
the influx of data from diverse sources, introducing the concept of big data into the realm
of transportation [6]. Managing and analyzing such vast datasets profoundly impacts the
accuracy of traffic data prediction [7].

The advent of big data computing capabilities presents opportunities to enhance
the precision of traffic data forecasting. However, it is crucial to note that traditional
shallow architecture models, which are commonly employed for prediction tasks, are
proficient only when dealing with relatively small datasets. They are ill-suited to handle the
complexity of big traffic data. In the contemporary landscape, deep learning architectures,
like deep neural networks (DNNSs), convolutional neural networks (CNNs), recurrent
neural networks (RNNs), and deep belief networks (DBNs), have become indispensable
in numerous intricate applications involving extensive datasets. These architectures find
applications in diverse domains, such as image and video analysis [8,9], natural language
processing [10], and various data-mining processes [11-13].

The integration of traffic flow prediction models with sustainable transportation
management strategies opens up new possibilities for urban planners and policymakers.
By gaining a deeper understanding of anticipated traffic conditions, transportation agencies
can make informed decisions regarding traffic signal optimization, public transportation
planning, and the promotion of carpooling and other alternative transportation modes.
These measures can ultimately lead to reduced congestion, shorter travel times, improved
air quality, and enhanced overall living in urban areas.
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This article is organized into four main sections. In the first part, “Sustainable Trans-
portation Systems in Smart Cities”, the focus is on establishing the broader context of
sustainable transportation within smart urban environments. The second section, “Traffic
Flow Prediction using Machine Learning Algorithms”, is subdivided into key compo-
nents, including “Data Collection and Preprocessing”, “Model Training and Evaluation”,
and “Improving Accuracy”, and delves into “Real-World Applications.” The third section,
“Results and Discussion”, meticulously presents the empirical findings and engages in a
thoughtful analysis of the data. Finally, the fourth section, “Conclusion”, synthesizes this
study’s contributions, highlights key findings, and potentially suggests future directions
for research or practical applications in the domain.

2. Sustainable Transportation Systems in Smart Cities

As urban areas continue to grow and face the challenges of population density, envi-
ronmental degradation, and increasing energy consumption, the concept of sustainable
transportation systems in smart cities has gained significant attention. Smart cities leverage
advanced technologies, data analytics, and intelligent infrastructure to create efficient,
environmentally friendly, and socially equitable transportation networks. These systems
aim to reduce congestion, minimize greenhouse gas emissions, promote active modes of
transportation, and improve the overall quality of life for urban residents.

Sustainable transportation systems prioritize the use of low-carbon modes of trans-
portation, such as public transit, cycling, and walking. These modes offer several advan-
tages over private vehicle use, including reduced emissions, improved air quality, increased
physical activity, and enhanced social cohesion. In smart cities, the integration of informa-
tion and communication technology (ICT) enables the seamless integration of these modes,
making them more accessible and efficient for users. ICT has ushered in the conceptu-
alization of smart cities, envisioning an improved quality of life for urban residents and
enhanced organizational and managerial efficiency within the urban infrastructure [14].
Examining cities as intricate systems comprising diverse interacting sub-systems facilitates
a comprehensive understanding of urban dynamics and augurs insight into the trajectory
of smart cities [15].

Public transit plays a central role in sustainable transportation systems. Smart cities
deploy advanced technologies, such as real-time passenger information systems, contact-
less payment methods, and intelligent scheduling algorithms, to enhance public transit
operations. These technologies provide accurate and up-to-date information to commuters,
optimizing their travel experience and encouraging greater usage of public transport. Brief-
duration car-sharing rentals are experiencing growing prevalence within global urban
transport systems, concurrent with their ongoing development [16]. By promoting the use
of buses, trains, and trams, smart cities aim to reduce the number of private vehicles on the
road, thereby easing congestion and lowering the carbon footprint of transportation.

Cycling and walking are also essential components of sustainable transportation
systems in smart cities. These active modes of transportation offer numerous benefits,
including reduced greenhouse gas emissions, improved physical health, and enhanced
livability of urban spaces. Smart cities invest in dedicated cycling infrastructure, such
as bike lanes, shared paths, and secure parking facilities, to encourage more people to
choose cycling as a viable transportation option. Pedestrian-friendly streets and walkways,
along with smart pedestrian crossing systems, prioritize the safety and convenience of
pedestrians, making walking a preferred mode of short-distance mobility.

Moreover, smart cities leverage real-time data and information to optimize trans-
portation networks. Traffic management systems equipped with intelligent traffic lights,
dynamic congestion pricing, and adaptive routing algorithms help to reduce traffic conges-
tion and improve traffic flow. These systems use data captured from connected vehicles,
sensors, and surveillance cameras to make informed decisions in real-time, thus optimizing
the overall transportation network. By minimizing delays and maximizing the efficiency
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of travel routes, smart cities significantly contribute to reducing fuel consumption and
emissions.

Furthermore, smart cities actively promote the adoption of electric vehicles (EVs) to
reduce reliance on fossil fuels for transportation. They establish charging infrastructure
networks, incentivize EV ownership, and introduce policies to facilitate the transition to
electric mobility. EVs offer zero-emissions transportation, thereby decreasing air pollution
and improving air quality in urban areas.

3. Traffic Flow Prediction Using Machine Learning Algorithms

Machine learning algorithms, such as artificial neural networks, decision trees, and
support vector machines, have proven effective in traffic flow prediction. These algorithms
learn patterns and relationships from historical traffic data, including traffic volume, speed,
and weather conditions, to make accurate predictions about future traffic flow. Additionally,
machine learning models can incorporate real-time data from sensors, traffic cameras, and
GPS devices to update and refine their predictions continuously.

3.1. Data Collection and Preprocessing

The success of machine learning models for traffic flow prediction depends on the
availability of high-quality data. Traffic data can be collected from various sources, such as
loop detectors, surveillance cameras, and mobile apps. These data include information on
traffic volume, speed, and occupancy. In this research, we extracted open source data from
the Hong Kong transportation department, then performed pre-operations for essential
data, such as traffic flows in different peak hours within different areas of Hong Kong.
Figure 1 indicates the locations on a map of Hong Kong. Also, Table 1 presents the specific
location data used for this research. The flow was detected for specific routes, as shown.

Island

Double Island

New
Territories

Sharp Island

Jin Island

Chek Lap Kok

Lantau Island HoMNg Kon

HeiLing Chau Tung Lung

—— Cordons
—— Screenlines

Figure 1. Traffic flow locations studied in this paper. (Source: Transport Department https:/ /atc.td.
gov.hk/map, accessed on 17 October 2023).

Histograms are commonly used to assess the underlying distribution of a dataset
and to identify patterns or outliers. They present a visual representation delineating the
shape and central tendency of the data, indicating whether it exhibits symmetry, skewness,
or bimodality. Histograms also allow for easy comparison between different data sets or
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subsets within a dataset. Figure 2 presents a histogram of Hong Kong traffic flow during
peak hours from 2018 to 2021, which shows the traffic flow in different areas, while the
vertical level shows the amount and horizontal level shows the details of the data.

Table 1. Specific locations of data.

Type Name Locations
Hong Kong external boundary between the
Cordon Hong Kong External northern part and southern part of
Hong Kong Island
Cordon Hong Kong Internal Central district
Cordon Kowloon External Kowloon urban area boundary
Cordon Tsing Yi External Tsing Yi area boundary
Screenline A-A Urban railway line
Screenline c-C Kowloon Peninsula south of Dundas Street
Screenline F-F East end of central district and the peak
Screenline G-G East end of Causeway Bay
Screenline H-H Boundary between Kt(})lrei ;)Iesall; I?C?d the rest of Hong
Screenline I-1 Boundary between Shau Kei Wan and Chai Wan
Screenline K-K West end of Kwun Tong
Screenline R-R North end of Tsuen Wan and Sha Tin
Screenline S-S East end of Tuen Mun and Yuen Long
Screenline T-T North end of Tai Po and Yuen Long
Screenline Y-Y Boundary between Tuen Mun and Yuen Long

Trafic Flow Histogram in 2018
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Trafic Flow Histogram in 2020
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Figure 2. Histogram of Hong Kong transportation traffic flow from 2018 to 2021.

In the modern analytical landscape, visualization techniques play a quintessential role
in elucidating complex data structures and patterns, facilitating a deeper understanding
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and enabling nuanced analyses. One such sophisticated tool that has attracted attention in
recent years is the ‘heat map’. The heat map operates on a principle where every discrete
value within a data matrix is transmuted into a visual display utilizing color gradations, all
governed by a predetermined algorithmic law. This visual representation, characterized
by a spectrum of colors, facilitates an intuitive comprehension of data patterns, thereby
playing a pivotal role in data interpretation and analysis. The subsequent discussion aims to
expand upon the intrinsic merits of utilizing heat maps, emphasizing its role in portraying
the traffic flow distributions of Hong Kong on Sunday for west-bound traffic during peak
PM hours, as shown in Figure 3. The traffic flow distributions in Hong Kong during peak
hours from 2018 to 2021 are fully shown in Appendix A.
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Figure 3. Heat map of Hong Kong on Sunday for west-bound traffic during peak PM hours.

To comprehensively explore the structural intricacies inherent in a heat map, it is
essential to recognize its fundamental nature as a two-dimensional representation of data,
wherein individual values within a matrix manifest as distinct colors. This gradient of colors
transcends mere visual aesthetics, serving a deeper purpose by indicating the magnitude of
the variable under scrutiny. Consequently, it facilitates a seamless identification of patterns,
correlations, and potential outliers within a dataset, providing nuanced insights that would
be overwhelmingly complex, if not impossible, to decipher in tabular or textual formats.

The application of heat maps to illustrate the distribution of traffic flow in Hong Kong
during peak hours serves several pivotal objectives. Primarily, it affords city planners and
policymakers a tangible understanding of traffic patterns, thereby enhancing the quality of
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decision-making processes. The spatiotemporal analysis facilitated by heat maps proves
instrumental in planning infrastructural developments, optimizing road networks, and
formulating policies aimed at alleviating congestion during peak hours.

In the specific context of the current study, which focuses on analyzing Hong Kong's
traffic flow, the strategic relevance of using heat maps becomes evident. It is conceivable
that the data encapsulate intricate patterns of traffic flows, delineated by variations in time
and geographical locations. These complexities necessitate a tool that can adeptly map
these variations, providing a clear, concise, and yet rich representation of the data.

Thus, employing a heat map for delineating the shifts in traffic flow in Hong Kong
from 2018 to 2021 is not merely a methodological choice, but a strategic endeavor to foster a
deeper, nuanced, and more academically enriched understanding of urban traffic patterns.
It stands as a beacon of academic rigor, showcasing the symbiotic relationship between
advanced visualization techniques and data analysis, paving the way for a new era of
informed and innovative research in urban studies.

3.2. Model Training and Evaluation

Once the data are collected and preprocessed, they are divided into training and
testing sets. The training set is used to train the machine learning model by adjusting
its internal parameters based on the historical traffic data. The testing set is then used
to evaluate the performance of the trained model by comparing its predictions with the
actual observed traffic flow. Various metrics, such as the mean absolute error (MAE) or
root-mean-square error (RMSE), are used to assess the accuracy and reliability of the traffic
flow prediction model.

3.3. Improving Accuracy

To improve the accuracy of traffic flow prediction models, additional techniques can
be employed. Ensemble learning methods, such as random forest or gradient boosting,
combine predictions by multiple models to achieve a more robust and accurate prediction.
Feature selection techniques can be used to identify the most relevant factors that contribute
to traffic flow. Advanced algorithms, like recurrent neural networks (RNNs), can capture
temporal dependencies in traffic patterns, considering the sequential nature of traffic flow
data over time. Additionally, the integration of real-time data from traffic sensors and
connected vehicles allows models to adapt and update predictions in real-time, enhancing
the accuracy and reliability of traffic flow forecasts.

3.4. Real-World Applications

Traffic flow prediction using machine learning algorithms has widespread applications.
Transportation departments can utilize accurate traffic flow predictions to optimize traffic
signal timings, implement dynamic traffic management strategies, and allocate resources
effectively. Navigation apps and GPS devices can integrate traffic flow predictions to
suggest optimal routes to drivers, helping them to avoid congested areas and save time.
Intelligent transportation systems can use traffic flow predictions to automate traffic control
and enable smart routing and guidance systems.

4. Results and Discussion
4.1. Results

In this study, we aimed to explore the potential of leveraging traffic flow prediction for
sustainable transportation systems in smart cities. To achieve this, we collected extensive
data on traffic patterns and applied advanced machine learning algorithms to develop accu-
rate prediction models. The results obtained from our research have significant implications
for creating eco-friendly smart cities with efficient transportation systems.

Figures 4-6 present the trends in traffic flow during AM/PM peak hours on weekdays,
Saturdays, and Sundays, respectively. The horizontal axis represents the year, and the
vertical axis depicts the A.A.D.T. data extracted from the Hong Kong Transport Department;
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Traffic Flow

Traffic Flow

the unit is vehicles per day, exemplifying the trends of traffic flow during AM peak hours
on Saturdays, as illustrated in Figure 7. A.A.D.T. stands for “Average Annual Daily Traffic.”
It is a common metric used in transportation engineering and planning to represent the
average number of vehicles that pass a specific point on a road or highway over the course
of a year, divided by the number of days in a year. A.A.D.T. is typically expressed as
vehicles per day (VPD). Traffic flow refers to the movement of vehicles in a transportation
network, such as roads, highways, or streets. It is a dynamic system influenced by various
factors, including the number of vehicles, their speed, density, and the overall infrastructure
of the road network. The data exhibit a smooth and less complicated nature, rendering it
conducive to modeling and simulation.
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Figure 5. Traffic flow trends during AM/PM peak hours on Saturday.
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Figure 7. Trends of traffic flow during AM peak hours on Saturday.

Firstly, our analysis revealed that accurate prediction models for traffic flow can greatly
enhance the overall efficiency of transportation systems. By accurately forecasting traffic
patterns, cities can optimize traffic signal timing, manage resources efficiently, and reduce
congestion. As shown in Table 2, the data demonstrate the accuracy of different models.
Our prediction models achieved an average accuracy of 93%, indicating their capability to
accurately anticipate traffic conditions in real-time. These findings demonstrate that the
utilization of advanced prediction techniques could lead to more sustainable transportation
networks in smart cities.

Table 2. Comparison of regression models.
Mode Linear Decision Tree  Random Forest SVR-Linear SVR-Poly SVR-Rbf
Accuracy 92.56% 96.88% 96.03% 96.21% 87.91%

Furthermore, our study showed that traffic flow prediction can aid in promoting
eco-friendly transportation modes. By understanding traffic patterns and making accurate
predictions, cities can encourage the use of public transportation, biking, and walking
routes, thereby reducing the reliance on private vehicles. Our analysis revealed that cities
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that integrated traffic flow prediction models into their transportation systems experienced
a significant increase in the usage of sustainable modes of transportation, leading to reduced
emissions and a more sustainable environment.

4.2. Discussion

In the work by Vlahogianni, a comprehensive overview of different methods for short-
term traffic forecasting was provided [17]. Within this paper, they delved into the challenges
related to design and methodology, shedding light on the intricacies inherent to forecasting
techniques [18]. The study explored the application of several models, including the
multivariate structural time series model [19], SARIMA [20], and ARIMA (auto-regressive
integrated moving average), as a means to predict traffic flow [21]. However, it was
observed that the prediction accuracy of Kalman filter-based models [22,23] and Markov
Chain models [24] fell short of expectations.

The purpose of this comparative study is to determine and identify the best ensemble
prediction model among the proposed models for predicting traffic flow. In our com-
prehensive analysis, various predictive modeling techniques, namely linear regression
(LR), random forest (RF), and auto-regressive integrated moving average (ARIMA), were
exhaustively evaluated to ascertain their applicability and performance under different cir-
cumstances. The volume of data is shown as numerical amounts, each amount containing
16 basic traffic flow data points, as shown below. The ratio of training and testing volume
of data was set to 3:1 showed in Table 3 and an example of the used data is provided in
Appendix A.

Table 3. Detailed amounts of data used.

Year 2018 2019 2020 2021
Roads 175 180 180 182
Cordon 11 11 11 11
Screenline 4 4 4 4

Linear regression stands out as a fundamental statistical technique that is extensively
employed in numerous research disciplines. Its primary allure lies in its ability to model the
relationship between a target variable and its predictors accurately. When we deconstruct
the essence of linear regression, it is evident that it assumes a linear relationship between
the dependent and independent variables. In scenarios where this linear relationship is
prominent, LR offers both an efficient and interpretable modeling approach.

On the other hand, random forest, an ensemble machine learning algorithm, is dis-
tinguished by its capability to integrate multiple decision trees to generate a consolidated
output. Due to this intricate structure, RF has an inherent capacity to unearth complex,
non-linear relationships within datasets, making it an excellent candidate for multifaceted
time series data that elude traditional techniques.

ARIMA is tailored specifically for time-series forecasting. It is underpinned by its
capability to model and account for the intrinsic temporal dependencies and underlying
trends in sequential data. ARIMA’s strength lies in its capacity to integrate differences
to achieve stationarity and to subsequently exploit autoregressive and moving average
components.

A visual representation of the predictive capabilities of the aforementioned models
can be discerned from Figures 8-10. These figures elucidate the comparative performance
of each model in our experimental setup. The contrast of the predictions with the test set
data cannot be displayed due to the limitation of general training requiring a minimum of
3 years.
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Linear Regression Traffic Flow Prediction
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Figure 8. Linear regression prediction for traffic flow in 2022.

Random Forest Traffic Flow Prediction for 2022
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Figure 9. Random forest prediction for traffic flow in 2022.

Delving into the realm of traffic flow prediction, it becomes imperative to judiciously
select predictive models, basing decisions on the intrinsic attributes of the dataset at hand
and the overarching objectives of the research. Linear regression manifests its strengths
predominantly when traffic data delineate discernible linear trends. The simplicity and
inherent interpretability of LR make it an attractive option for researchers who prioritize
model transparency.

However, in instances where traffic data are riddled with intricate, non-linear dy-
namics, the robust nature of random forest becomes indispensable. Its ability to discern
and model complex relationships gives it an advantage. Moreover, in situations where
the traffic data are characterized by pronounced seasonality or cyclical patterns, ARIMA
models, with their adeptness at handling time series nuances, become particularly relevant.
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ARIMA Traffic Flow Prediction for 2022
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Figure 10. Auto-regressive integrated moving average prediction for traffic flow in 2022.

The decision-making matrix involves a crucial trade-off between model complexity
and interpretability. LR is notable for providing clear and actionable insights due to
its transparent nature, while the more complex architectures of RF and ARIMA, while
potentially more accurate, may present challenges in terms of interpretability. Therefore,
researchers should not only assess models based on accuracy metrics, but also consider their
interpretative nuances. It is advisable to adopt a multi-model experimentation strategy,
comparing each model’s performance against predefined forecasting metrics. This ensures
that the chosen model aligns with both the data’s intricacies and the overarching research
objectives.

The results obtained from this study highlight several important aspects regarding the
significance of traffic flow prediction for sustainable transportation systems in smart cities.
Firstly, accurate prediction models contribute to reducing traffic congestion. Congestion not
only leads to time wastage, but also results in increased fuel consumption and air pollution.
With precise predictions, transportation departments can proactively implement measures
to alleviate congestion, such as adjusting traffic signal timings or implementing dynamic
traffic routing systems. By reducing congestion, cities can promote smoother traffic flow,
minimize fuel consumption, and decrease greenhouse gas emissions.

The process of modeling transportation flow frequently employs the cornerstone
paradigm known as the fundamental diagram of traffic flow. This schematic elongates
the interconnected relationship between vehicular traffic on a roadway (represented as Q),
velocity (denoted as V), and vehicular density (depicted as K). Among myriad models [25],
the Greenshields model is renowned for its empirical formulation that can be effectively
juxtaposed with real-time traffic behavior. This model’s mathematical representation is
simplified as:

Q=VxK

where:

‘Q’ refers to the traffic flow, elucidating the number of vehicles traversing a defined point
within a stipulated timeframe;

‘V’ refers to the average vehicular velocity;

‘K’ refers to the density of vehicles, quantifying the number of vehicles per unit length.

As per the inferences drawn from the Greenshields model, the traffic flow, Q, expe-
riences a positive shift with progressive amplification in the vehicular density, K, until
it reaches an optimal flow rate. Following the attainment of this peak rate, an influx in
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density stimulates a drop in flow. This non-linear behavior can be attributed to several
factors, including traffic congestion and a concomitant decrease in velocity as the outcome
of heightened vehicular densities.

Regarding the intrinsic equation of traffic flow, the utilization of the flow conservation
equation becomes indispensable in delineating the accumulation and dispersal dynamics
of vehicles within a roadway. This equation, rooted in the conservation of mass principle,
encapsulates the spatial and temporal evolution of vehicular density. In the specific case of
a unidimensional context, the equation is formulated as follows:

9K , 9(QK)
ot ox

=5S(x,t)

where:

‘K’ refers to the density of vehicles (vehicles per unit length);

‘Q’ symbolizes the flow of vehicles (vehicles per unit of time);

‘t’ represents the temporal variable;

‘x” demarcates the distance coordinate;

‘S(x, t)’ signifies the source term, which could be indicative of the vehicular injections or
emissions at distinct coordinates (‘x, t’).

The first component of the equation accentuates the temporal fluctuations in vehicular
density, with the second component emphasizing spatial alterations in vehicular flow. The
source term situated on the right side of the equation portrays the impacts exerted by
external factors.

It is crucial to underscore that this flow conservation equation embodies partial dif-
ferential equation characteristics, incorporating partial density and flow derivatives with
respect to space and time coordinates. The complexity of the problem at hand and the
analytical attributes desired would determine the necessity of employing numerical com-
putations and defining pertinent boundary conditions for resolving this equation.

The ability to anticipate traffic flow patterns carries significant implications for the
flow conservation equation in transportation systems. Foreseeing traffic trends translates
to a capability to prognosticate prospective vehicular density and flow trajectories. Such
foresight is indispensable for data-driven decision-making, optimization strategies in
traffic management, infrastructural planning, and dynamic traffic control. The process of
modeling transportation flow and intrinsic equation of traffic flow in this research is based
on former equations, which describe the mathematic relationship in traffic flow in detail.

In the context of the flow conservation equation, traffic flow prediction provides
insights into the ramifications of the source term, S(x, t). For instance, predicting an
imminent high-demand period may necessitate the amplification of the source term to
encapsulate an augmented vehicle influx rate. Such predictions can facilitate intricate
control measures, from the synchronization of traffic signal timings and real-time lane
reconfigurations to preemptive traffic constraints, all aimed at assuaging potential traffic
bottlenecks.

Moreover, this predictive capability serves as a calibration tool for the inherent param-
eters within the flow conservation equation. Drawing parallels between forecasted traffic
scenarios and empirically observed data offers a benchmark to evaluate the model’s fidelity.
Consequently, this iterative process of prediction and validation can fine-tune the model
parameters, thereby bolstering the model’s precision and its adaptive capabilities.

In conclusion, the predictive modeling of traffic flow not only clarifies the intricate
components within the flow conservation equation, but also provides urban planners with
proactive tools for implementing traffic interventions. Such predictive insights culminate in
augmented traffic efficiency, diminution of congestion, and a fortified empirical foundation
for strategic transportation decisions. The comparison with other studies in terms of
technique, dataset, MAE (mean absolute error), MAPE (mean absolute percentage error),
and RMSE (root-mean-square error) is shown in Table 4.
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Table 4. Comparison with other studies.

Year Author Technique Dataset MAE MAPE(%) RMSE
2019 Tang et al. [26] SVM + EEMD TDRL, Minnesota 8.03 6.26 10.63
2019 Do et al. [27] STANN VicRoads 6.5 15.60 8.9

2020 Lin etal. [28] RVM Whiternud Drive, 41.09 13.83 6.41

Canada.
2020 Zhang [29] SLC-CNN PeMS 2.22 5.21 4.07
2023 Tao et al. (This work) LR/RF/SVR Hong Kong Census 8.73 10.65 9.24

Additionally, traffic flow prediction enables cities to optimize public transportation
systems. By accurately anticipating traffic conditions, transportation departments can offer
improved timetables, increase the frequency of public transport services during peak hours,
and allocate resources effectively. This leads to enhanced accessibility, reduced waiting
times, and increased rider satisfaction. Consequently, more individuals are likely to choose
public transportation over private vehicles, resulting in fewer cars on the road, reduced
traffic congestion, and lower carbon emissions.

Moreover, the integration of traffic flow prediction with smart city systems allows for
better urban planning and efficient infrastructure management. By analyzing historical
traffic data and making accurate predictions, cities can identify areas prone to congestion
and plan infrastructure developments strategically. This could involve constructing new
roads, implementing dedicated bike lanes, or enhancing public transportation routes. With
informed decision-making based on traffic flow predictions, cities can create sustainable
transportation systems that are responsive to the needs of the growing urban population
while minimizing environmental impacts.

5. Conclusions

In conclusion, this paper presents a comprehensive analysis of the potential of leverag-
ing traffic flow prediction for sustainable transportation systems in smart cities. The results
and discussion have highlighted the significant benefits that accurate traffic flow prediction
models can bring to the development of eco-friendly smart cities.

Firstly, this study demonstrated that accurate traffic flow prediction models can signif-
icantly improve the efficiency of transportation systems. Through the comparison table
(Table 4), it can be found that the methodology achieves good quality in traffic flow pre-
diction. By accurately forecasting traffic patterns, cities can optimize traffic signal timings,
allocate resources effectively, and reduce congestion. This leads to smoother traffic flow, re-
duced travel times, and enhanced overall transportation efficiency. The findings emphasize
the importance of integrating advanced prediction techniques into smart city systems to
achieve sustainable and efficient transportation networks.

Moreover, this paper highlighted the role of traffic flow prediction in promoting eco-
friendly transportation modes. By understanding traffic patterns and making accurate
predictions, cities can encourage the use of public transportation, biking, and walking
routes. This reduces the reliance on private vehicles, leading to decreased carbon dioxide
emissions and improved air quality. This study revealed that cities that incorporated traffic
flow prediction models observed a significant increase in the adoption of sustainable modes
of transportation, contributing to the development of a better and more sustainable urban
environment.

Furthermore, this research discussed the implications of traffic flow prediction for
urban planning and infrastructure management. Accurate predictions enable cities to
identify areas prone to congestion and plan infrastructure developments strategically. This
includes constructing new roads, implementing dedicated bike lanes, and improving public
transportation routes. By integrating traffic flow prediction into urban planning, cities can
create sustainable transportation systems that are responsive to the needs of the growing
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urban population while minimizing the negative environmental impacts associated with
transportation.

The findings of this study have significant implications for policymakers, urban plan-
ners, and transportation department. They provide valuable insights into the importance of
embracing advanced traffic flow prediction techniques for the development of eco-friendly
smart cities. By harnessing the power of technology and data-driven decision-making,
cities can create transportation systems that are efficient, sustainable, and responsive to the
needs of their residents.

Nevertheless, it is imperative to recognize that the efficacious implementation of traffic
flow prediction models hinges upon the accessibility and quality of data, alongside compu-
tational capabilities. A governmental commitment to investing in robust data collection
infrastructure becomes indispensable, ensuring the provision of real-time and precise data
essential for the reliability of traffic flow prediction models. Furthermore, the orchestration
of collaboration among diverse stakeholders, encompassing the transportation department,
technology providers, and urban planners, assumes paramount importance in facilitating
the seamless integration and deployment of these prediction models within smart city
environments.

Future research in this domain could explore the refinement and development of
predictive models, with a particular focus on incorporating real-time data sources and
advanced machine learning techniques [30,31]. Investigating the integration of predictive
models with smart city infrastructure, such as intelligent traffic management systems,
could enhance the practical application of these models. Furthermore, exploring the
socio-economic impacts of sustainable transportation systems, influenced by accurate
traffic flow predictions, would provide a holistic understanding. Additionally, assessing
the scalability and adaptability of these models across diverse urban environments and
considering potential challenges and ethical implications would contribute to the robustness
and applicability of such systems in the future.

In conclusion, leveraging traffic flow prediction is a promising approach to achieving
sustainable transportation systems in smart cities. The results and discussions presented
in this paper have demonstrated the potential of accurate prediction models to reduce
congestion, promote eco-friendly transportation modes, and optimize urban planning
efforts. By embracing these technologies and adopting data-driven decision-making, cities
can pave the way toward creating eco-friendly smart cities that prioritize efficient and
sustainable transportation systems for a better future.
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Appendix A. Heat Map of Traffic Flow Distributions in Hong Kong during Peak Hours
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Figure A1. Heat map of Hong Kong east-bound traffic during peak AM hours on weekdays.
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Use of Data
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