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Congestion and Pollutant Emission Analysis of Urban Road Networks Based on 
Floating Vehicle Data 

Abstract

Global warming caused by greenhouse gas (GHG) is receiving increasingly 
attention from all over the world, and urban transportation is a significant source of 
greenhouse gas and pollutant emission. However, the research on traffic state of urban 
road networks (URNs) based on sparse floating vehicle data (FVD) is insufficient. 
Therefore, we mainly utilize big data techniques to explore the congestion and pollutant 
emission of URN with FVD. Firstly, the location of vehicles is identified and matched 
with the URN. We then grid the FVD and city maps to more accurately identify areas 
of congestion and emission in later section. Following this, we use the congestion index 
and K-means clustering algorithm to evaluate the traffic state over time, pollutant 
emission is calculated based on emission calculation standards and carbon emission is 
estimated by using the fuel consumption-speed model. The results indicate that 
congestion and emission are very severe during peak hours (e.g., 8:00 a.m.), particularly 
in some transportation hub areas, such as high-speed rail stations. During off-peak 
hours (e.g., 11:00 p.m.), congestion and emission are relatively lower. The negative 
correlation between congestion index and emission is also revealed. This study provides 
some practical approaches to more accurately estimate the overall urban traffic state by 
using sparse traffic data, and may offer support to urban traffic managers in managing 
traffic congestion and pollutant emissions.
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1 Introduction

Global warming is mainly caused by greenhouse gas, which leads to an increase 
in temperature(Houghton,2005). Urban areas are responsible for a significant part of 
the total global emissions of greenhouse gases (Gurney et al.,2022), and it becomes 
important to promote sustainable development to achieve carbon neutrality (Tozer et 
al.,2022, Hincks et al.,2023). Recognizing the increasingly severe problem of climate 
change, many countries around the world have committed to promoting the 
establishment of a low-carbon economy through initiatives such as the Paris Agreement 
(Nations,2016). Gasoline-powered vehicles are a major contributor to greenhouse gas 
emission yet as economic growth has accelerated the urbanization process in China and 
raised people’s living standards the use of such vehicles has increased significantly. 
This has in turn increased the level of air pollution.

As of the end of June 2023, the motor vehicle ownership in China has reached 426 
million, representing a significant increase of 70.4% compared to the number recorded 
in 2013 (250 million vehicles). Of the total motor vehicle ownership, cars account for 
328 million, reflecting a remarkable growth of 139.4% compared to 2013 (137 million 
vehicles) (Fanchao,2023). This substantial surge in motor vehicle ownership reflects a 
rapid expansion in China's automobile market over the past decade. However, this 
tremendous growth in car ownership has raised concerns about environmental 
sustainability and public health. The surge in car numbers has led to a corresponding 
increase in traffic congestion, air pollution, and greenhouse gas emission, exacerbating 
the challenges of climate change and urban air quality. According to the China Mobile 
Source Environmental Management Annual Report, cars have become a significant 
source of air pollution in China (Ministry of Ecology and Environment of the People’s 
Republic of China China,2022). Among all the pollutants emitted by motor vehicles, 
cars account for over 90% of the emission of carbon monoxide (CO), hydrocarbons 
(HC), nitrogen oxides (NOx), and particulate matter (PM) (Ministry of Ecology and 
Environment of the People’s Republic of China China,2022). At the same time, carbon 
dioxide (CO2) emission from fuel vehicles cannot be ignored. The significant 
contribution of these pollutants from car emission highlights their substantial impact on 
air pollution. As such, addressing and mitigating the emission from cars are crucial 
steps in tackling the air quality challenges we face.

Reducing vehicle-related pollution requires accurate calculation of vehicle 
pollution emission, identification of congestion areas and efficient route planning 
(Shindell et al.,2011, Çolak et al.,2016, Grote et al.,2016). The rapid development of 
information technology in the transportation sector has transformed the field from an 
era of data scarcity to one of big and rich data. Thus, the research on traffic congestion 
and pollutant emission has been able to start from micro data at the level of a single 
vehicle to develop a traffic congestion index evaluation model that is integrated with 
the actual traffic conditions of the city based on massive traffic data. Visualization 
technology has become an important tool to present the status of urban traffic operations 
in real time, allowing the development of models to evaluate traffic congestion and 
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hence better inform sustainable urban development. Dynamic traffic data, such as data 
detected by detectors (e.g., video, sensor coils) and Floating Vehicle Data (FVD), are 
widely used for studying congestion and pollutant emissions in urban areas (Rahmani 
and Koutsopoulos,2013, Rahmani et al.,2015). Various models, such as the COPERT 
model, the MOVES model, etc., have also been adopted to conduct related analyses 
(Ekström et al.,2004, Perugu,2019). 

Based on this background, this study investigates urban congestion and pollutant 
emission in Shenzhen, processing floating vehicle data through the use of big data 
techniques. The analysis of pollutant emission is carried out by determining the 
pollutant emission factors. To begin with, this paper provides a review of relevant 
literature, followed by a summary of the current status of research on urban traffic 
congestion and pollutant emission. This serves as a foundation for the ideas and 
methods presented in this paper. Subsequently, floating vehicle data obtained from 
Shenzhen city is processed and analyzed in terms of its characteristics. The city and 
floating vehicle data are then gridded and matched to analyze the congestion index 
using a K-means clustering method, thereby generating results for comparison. 
Additionally, emission factors for each vehicle pollutant at different speeds are 
computed to analyze pollution emission in Shenzhen city at any given time. Carbon 
dioxide emission is calculated by the fuel consumption-speed model. Lastly, we analyze 
the characteristics of congestion during different periods in Shenzhen, explore 
congested areas and road sections, and assess the effect of urban congestion on pollutant 
emission. Furthermore, changes in congestion areas are examined to offer guidance on 
daily travel and energy-saving and emission-reduction measures. Overall, this study 
contributes to the existing literature by providing an in-depth analysis of urban 
congestion and pollutant emission in Shenzhen city, utilizing big data techniques. The 
findings of this study provide practical implications and suggestions for policymakers 
and urban planners to better manage traffic congestion and reduce air pollution levels 
in urban cities.

The remainder of this paper is organized as follows: Section 2 provides a literature 
review related to our research. Section 3 describes the data sources and methodology 
employed in this study. Section 4 presents a case study. Finally, Section 5 summarizes 
our research findings and discusses the limitations.

2 Literature review

FVD represents a valuable dataset employed for transportation research and 
management purposes. It involves the continuous acquisition of real-time vehicle 
information, including positions, velocities, travel directions, and other pertinent data, 
facilitated by GPS or other sensor technologies. This data is subsequently transmitted 
to a central collection platform. Given the dynamic nature of vehicle positions, this 
dataset is referred to as "floating" vehicle data. FVD holds immense potential for 
diverse transportation applications, encompassing traffic flow analysis, travel 
behaviour investigations, and driver behaviour evaluations, among others(Kerner et 
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al.,2005, Rahmani et al.,2015, Nigro et al.,2022).
This section presents a literature review of studies that have used different data 

(e.g., FVD), and models to assess urban congestion and pollutant emission.

2.1 Studies to assess urban traffic congestion

Urban traffic congestion analysis is an important research area in the field of 
transportation. Effective research on urban traffic congestion holds great value in 
promoting transportation planning and management for both commuters and 
governments. This section aims to summarize and analyze research, models, and 
methods related to urban traffic congestion across four key areas: urban traffic 
management, congestion prediction, data analysis, and the social and economic impacts 
of congestion. Through the analysis of these diverse models and methods, this review 
seeks to identify effective approaches for studying traffic congestion in urban 
environments.

Urban traffic management cannot be separated from congestion management, and 
researchers have conducted extensive studies on traffic management to improve the 
efficiency of the transportation system significantly (Geroliminis and Daganzo,2008). 
With the widespread application of big data technology and the development of 
location-based services (LBS), various vehicle data, such as GPS data, are being widely 
collected. This trend has led to the advancement of intelligent transportation systems 
that utilize advanced model techniques, data sources, and optimization algorithms to 
improve accuracy and efficiency in traffic management (Janecek et al.,2015, Dakic and 
Menendez,2018). Overall, the increasing availability of Floating Vehicle Data (FVD) 
and Automatic Vehicle Location (AVL) data, coupled with deep learning techniques 
and optimization algorithms, has facilitated extensive research on traffic congestion 
(Sun et al.,2021, Zhao et al.,2021). For example, Jiang et al. (2021) proposed a 
multitemporal traffic flow model that takes into account various factors such as weather 
conditions, holidays, and rush hours. Their method successfully predicted the traffic 
flow and air pollution level in urban areas and effectively improved the traffic 
management capability. Some other scholars have used deep convolutional neural 
networks (DCNN) to analyze sparse data. Rempe et al. (2022) proposed this method, 
which improves the accuracy of traffic speed estimation and outperforms traditional 
linear and polynomial regression models. Following this, Chen and Zhang (2022) 
constructed a traffic flow prediction model based on the Deep Belief Network (DBN) 
algorithm, which effectively suppresses the spread of congestion in smart cities. 
Similarly, Zhao et al. (2022) developed a centrally scheduled parking system for 
connected vehicles and autonomous vehicles (CAVs) using Macro Fundamental 
Diagrams (MFDs) and Mixed Integer Programming to optimize the parking resource 
utilization.

Traffic congestion management is a difficult problem in urban traffic management, 
so predicting the formation and dissipation of traffic congestion becomes very 
important. To address these questions, researchers have proposed a variety of methods, 
including establishing a nonlinear regression model to predict the level of traffic 
congestion under carbon emission constraints (Yang et al.,2019), using elasticity 
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indicators to study the resilience of actual traffic congestion and identify congested 
clusters (Zhang et al.,2019), predicting congestion based on the travel time of public 
transportation (Huang et al.,2019), and exploring the multiple steady states in urban 
transportation networks (Zeng et al.,2020). In addition, researchers have investigated 
the correlation between frequent congestion points and speed fluctuations and state 
transition times (Wang et al.,2020) and examined the acceptability of congestion 
pricing schemes in urban areas (Shatanawi et al.,2020). Following this, Hammami 
(2020) investigated the impact of urban freight transportation on traffic congestion, 
while Olusanya et al. (2020) proposed an IT-based solution to improve traffic flow in 
congested cities. After that, Tang et al. (2023) combined deep neural networks with a 
subset selection method for predicting spatio-temporal data of urban traffic to improve 
the prediction accuracy.

Data analysis is a key part of the study of traffic congestion and management, and 
researchers have used different data and techniques for estimation and analysis. Some 
researchers have proposed various methods for estimating vehicle speed and travel time 
based on sparse or missing floating vehicle data. To estimate vehicle travel times, 
Rahmani et al. (2015) proposed a consistent path inference method for sparse floating 
vehicle data. After that, Zhang et al. (2017) developed a data-driven method to predict 
travel times on urban expressways and verified the effectiveness and stability of the 
method under different traffic conditions. Subsequently, Rempe et al. (2017)and Dakic 
and Menendez (2018) investigated effective methods for estimating vehicle speeds in 
the spatio-temporal domain. In addition, Yan et al. (2020) analyzed the congestion 
characteristics of different time periods and road classifications using real-time traffic 
data from the Gaode LBS platform. Qian et al. (2020) investigated the impact of 
multinational corporations on urban traffic congestion by using large-scale trajectory 
data from transportation network companies. While Xu and Huang (2020) applied 
spectral clustering to cab GPS trajectories to detect traffic congestion. Meanwhile, Qin 
et al. (2021) introduced a traffic flow grid model to study the impact of cab GPS 
trajectories on traffic congestion. Othman et al. (2022) introduced a new method for 
traffic flow estimation based on floating vehicle data and road topography. In addition, 
Zeng et al. (2022) designed an effective framework for exploring the spatio-temporal 
characteristics of traffic congestion based on large-scale cab trajectory data in Shenzhen, 
China. They effectively analyzed the spatio-temporal characteristics of traffic 
congestion using a complex network approach, which lays the foundation for 
developing traffic management and control strategies. 

Traffic congestion can also have social and economic impacts. For example, some 
researchers have explored the impact of smart city construction on traffic congestion 
and the quality of public transportation (Guo et al.,2020). Beojone and Geroliminis 
(2021) examined the impact of bike-sharing on urban mobility and found that the 
presence of bike-sharing increased traffic congestion and total travel time. In addition, 
Wei et al. (2022) explored the socio-economic costs of traffic congestion in China's 
urbanization process using big data analysis, revealing differences in the spatial and 
temporal patterns of urban traffic congestion in different periods. Meanwhile, Bendib 
(2020) investigated the impact of spatial agglomeration on social equity and urban 
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congestion and proposed an effective strategy to study urban congestion using GIS. In 
terms of sustainable transportation, Tan et al. (2023) explored the design of a public 
transportation service network and provided methods for the sustainable development 
of urban transportation. Li et al. (2023) and Moslem et al. (2023) made efforts in the 
area of regional sustainable transportation assessment and the quality of the supply of 
public transportation. On the other hand, Gokasar and Karaman (2023) explored the 
relationship between personnel services and public transportation. They used the 
Geographic Information System (GIS) in their study and achieved more effective 
results in terms of improving peak hour congestion, among others.

This section provides an overview of research on congestion in the field of urban 
transportation from four perspectives, including the models and methods used. In urban 
transportation, it is important to identify and solve traffic congestion problems. 
However, there is not enough research on areas such as congestion studies and data 
analysis. Although some methods for identifying and predicting traffic congestion have 
been developed, further research is needed to improve the accuracy and reliability.  
Therefore, this paper builds upon previous research by using big data methods to 
analyze and model floating vehicle data, combining the congestion index with the K-
means clustering algorithm to study the spatio-temporal characteristics of traffic 
congestion. This provides a better understanding of the characteristics and trends of 
traffic congestion, allowing for the development of effective traffic management and 
control strategies.

2.2 Studies to estimate pollutant emission of urban transportation

In recent years, the rapid growth of vehicles in the transportation sector has posed 
significant challenges to the environment and human health. Emission of pollutants 
such as carbon monoxide (CO), nitrogen oxides (NOx), and greenhouse gases have 
garnered widespread attention. To address this issue, scholars in the field of 
transportation engineering have increasingly employed various models and methods to 
delve into the emission of pollutants caused by transportation. This section provides an 
overview of these studies.

Researchers have utilized a variety of models and methods to gain a better 
understanding of and quantify emission resulting from transportation. Among these, the 
MOBILE model has been widely used to calculate emission factors and generate 
emission inventories based on factors such as vehicle speed, mileage, and climate (Fu 
et al.,2000, Mukherjee and Viswanathan,2001, Vallamsundar and Lin,2011). 
Additionally, the Calculation of Road Emission from Transport (COPERT) model has 
been frequently applied to study automobile tailpipe emission. For instance, Zhu et al. 
(2011) employed the COPERT IV model in conjunction with GPS data to determine 
pollution emission factors and exhaust characteristics of road vehicles in the city of 
Guangzhou. Researchers have found that the COPERT model offers more accuracy in 
predicting emission from motorized vehicles in China as compared to the MOBILE 
model, likely due to China's emission standards being more in line with European 
standards, while the MOBILE model's parameters are derived from data collected in 
the United States (Cheng et al.,2011). Xue et al. (2013) then modelled the relationship 
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between pollution emission and speed based on traffic flow on the road.
In addition to these models, researchers have considered the characteristics of 

various vehicle types, such as the mechanical model proposed by Ehsani et al. (2016). 
This model takes into account different vehicle types and the impact of toll systems on 
CO2 emission. Furthermore, the combination of floating vehicle data with the Motor 
Vehicle Emission Simulator (MOVES) model has analyzed the effects of various traffic 
conditions on pollutant emission from light-duty vehicles (Chen et al.,2016). However, 
the complexity of model parameters and uncertainty in default data have led to an 
increase in the uncertainty of the MOVES model. Some researchers have also localized 
parameters through the application of the MOVES model (Hao et al.,2017, Li et 
al.,2021). Du et al. (2017), on the other hand, used a neural network model to predict 
the fuel consumption patterns of different vehicles under various influencing factors 
based on floating vehicle data. Moreover, the International Vehicle Emission (IVE) 
model has been employed to establish road emission inventories (Zhou et al.,2019). 
Scholars have used different models for various studies to comprehend the 
spatiotemporal changes in urban public transportation pollution emission following the 
COVID-19 pandemic, analyze the impact of information and communication 
technology measures on emission, and investigate the environmental benefits of shared 
bicycles (Sui et al.,2020, Shang et al.,2021).

Researchers have also explored the effects of new technologies and policies on 
carbon emission reduction. They have compared fuel consumption and emission of taxi 
services and ride-sharing service DiDi using GPS and order data, finding that DiDi 
performs better in terms of energy efficiency and emission reduction (Sui et al.,2019). 
Studies have also compared the impact of different vehicle technologies on reducing 
carbon emission from taxis, suggesting that fuel cell electric vehicles (FCEVs) using 
renewable energy sources have greater advantages in terms of carbon emission 
reduction cost (Mingolla and Lu,2021). Additionally, Ercan et al. (2022) investigated 
carbon emission from autonomous electric vehicles using polynomial logit models and 
system dynamics model, and the results showed that autonomous electric vehicles can 
significantly reduce greenhouse gas emission in the transportation sector. Yao et al. 
(2022b) explored carbon emission from electric vehicles through the vehicle-to-grid 
(V2G) model, revealing that due to battery disposal and the predominant use of coal for 
electricity generation, the advantages of two-way V2G over one-way V2G are limited. 
While the application of models and methods plays a pivotal role in studying emission 
caused by transportation, researchers have pointed out some challenges, including the 
availability of parameters and uncertainty in model default data. Future directions in 
research should focus on improving and localizing existing emission models to adapt 
to the environmental and transportation conditions of specific regions. This will help 
enhance the predictive accuracy and reliability of models.

In conclusion, the emission of pollutant in the transportation sector poses 
significant challenges to the environment and human health. Through continuous 
improvement and the application of various models and methods, researchers can gain 
a better understanding of and quantify the pollution emission caused by transportation. 
They can explore the effects of new technologies and policies on carbon emission 
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reduction, offering critical support for the sustainable development of the transportation 
sector and carbon neutrality goals (Shang et al.,2023, Shang and Lv,2023). However, 
model uncertainty and the complexity of parameters remain obstacles to overcome. 
Therefore, this study, based on the geographical features of Shenzhen, China, utilized 
methods compliant with Chinese pollutant emission calculation standards, along with a 
fuel consumption model to calculate CO2 emission. We analyzed the spatio-temporal 
characteristics of pollutant emission and CO2 emission, and examined their relationship 
with traffic congestion. Our research can provide a reference for governments to take 
feasible measures to reduce pollutant emission and carbon emission.

3 Methodology

In this section, we propose a framework for determining the congestion level of 
urban road networks and estimating vehicle emission in such networks based on taxi 
GPS data. Specifically, we first pre-processing the floating vehicle data and grid the 
study area (Section 3.1). We then analyze the congestion level of urban roads using a 
congestion index and K-means clustering algorithm (Section 3.2). Following this, we 
analyze taxi pollutant emission using domestic vehicle emission calculation standards 
(Section 3.3). Finally, carbon dioxide emission is calculated using the fuel 
consumption-speed model (Section 3.4).

The pre-processing of floating vehicle data and gridding of the study area are 
necessary to extract meaningful insights from the raw data. These processes aim to 
reduce noise and improve the accuracy of subsequent analysis. Furthermore, the use of 
a congestion index and the K-means clustering algorithm enables us to effectively 
identify and analyze congested roads within the urban network. This approach 
facilitates the identification of high-priority areas for congestion mitigation measures 
and helps to optimize traffic flow management. Finally, we analyze the pollutant 
emission from taxis using current vehicle pollutant emission standards, thus providing 
insight into the environmental impact of the urban road network. This information can 
inform policy decisions regarding sustainable transportation and urban planning. 
Overall, our framework presents a comprehensive and nuanced approach to 
understanding and addressing the challenges inherent in managing urban road networks. 
The detailed flowchart is shown in Figure 1.
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Figure 1 The methodology flowchart

3.1 Data Processing

The data utilized for this study is obtained from the travel records of typical taxis 
operating within Shenzhen city on regular workdays (Zhang et al.,2015). The 
equipment installed in the taxis collects data at intervals ranging from 1 to 60 seconds 
per vehicle, over 24 hours from 00:00 to 23:59. To protect the privacy of the passengers, 
the data hide information related to the specific date and the real license plate number 
of the vehicle. The dataset includes key attributes, such as vehicle identification (ID), 
timestamp, geographical coordinates (longitude and latitude), and passenger occupancy 
status. The specific data is presented in Table 1. In the data table, 'ID' represents a 
unique identifier assigned to each taxi, 'time' indicates the timestamp of data collection 
spanning from 00:00 to 23:59, 'lon' corresponds to the longitude coordinate of each taxi 
during data collection, 'lat' pertains to the latitude coordinate of each taxi at the time of 
data acquisition, 'passenger' signifies the presence or absence of passengers in the taxi 
during data collection, and 'speed' denotes the speed of the vehicle at the time of data 
recording. Importantly, the binary value "1" indicates passenger presence, while "0" 
signifies passenger absence. We sort the collected data by ID and time to get the data 
of each vehicle in chronological order and use this data as the basis for data cleaning.

The floating vehicle data have potential errors, and cleaning up these erroneous 
data is a step that must be taken before the data can be analyzed. Therefore, we remove 
duplicate and abnormal data, such as data with sudden changes in passenger status. We 
define the data with a sudden change in passenger status as abnormal data. There are 
two situations in which a sudden change in passenger status occurs: (1) when there is a 
sudden transition from unoccupied to occupied in a continuous record. This situation 
indicates that a passenger is getting on or off the vehicle while the vehicle is unoccupied. 
This subset of anomalous data will be deleted. (2) When there is a sudden transition 
from occupied to unoccupied in a continuous record. This situation indicates that 
passengers are getting off and out of the vehicle quickly (Yu and Li,2022). Therefore, 
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the data in these cases was also removed. Since both the identification of duplicate and 
anomalous data rely on vehicle IDs and timestamps, we first aggregate data from the 
same vehicle and then classify it based on timestamps. Data cleaning operations are 
then performed as described above.

Table 1 Floating Vehicle Data of Shenzhen City

ID time lon lat passenger speed

0 22223 0:00:00 114.145714 22.555317 1 80

1 22223 0:00:06 114.14695 22.555468 1 80

2 22223 0:00:14 114.148537 22.555866 1 80

3 22223 0:00:16 114.148949 22.555933 1 79

4 22223 0:00:22 114.1502 22.556116 1 84

5 22223 0:00:30 114.151817 22.556601 1 81

6 22223 0:00:32 114.152168 22.556816 1 81

7 22223 0:00:45 114.154366 22.558649 1 81

8 22223 0:01:36 114.16243 22.562517 1 50

9 22223 0:01:44 114.163551 22.562468 1 36

10 22223 0:01:59 114.16378 22.562349 1 0

11 22223 0:02:16 114.163803 22.562349 0 0

After data cleaning, we conducted a statistical analysis of the data and found that 
95% of the data sampling intervals were below 60 seconds. Therefore, to reduce the 
error caused by excessively long data sampling intervals, we remove the data points 
with intervals exceeding 60 seconds. Subsequently, we construct the travel trajectories 
of each vehicle, each trajectory consisting of an origin point (O) and a destination point 
(D). Given the relatively short intervals between adjacent data points for each vehicle, 
we regard the speed variation of the vehicle as uniform acceleration motion. Assuming 
the speed of the vehicle at point O is  , the speed at point D is  , and the travel 1v 2v

time between the two points is T we then use Equation (1) to compute the distance L 
between O and D.

Following this, we use big data processing methods to conduct grid matching and 
visualization of the floating vehicle data (Yu and Li,2022, Yu and Yuan,2022). Firstly, 
grids within the geographical scope of the study area are generated, and Figure 2 shows 
the generated grid map of Shenzhen City. Then the floating vehicle data is matched to 
each grid to analyze the spatio-temporal characteristics of traffic congestion and 
pollutant emission.

( )1 2/ 7.2 / 7.2L v v T= + × (1)
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Figure 2 Gridded Map of Shenzhen 

3.2 Urban congestion analysis methods

3.2.1 Traffic Congestion Index

Once the floating vehicle data for the whole day is gridded, each grid will contain 
all the characteristics of the floating vehicles that passed through it during the day, 
including license plate number, time, and speed. Based on this data, the data for the 
entire day are grouped according to the respective grid, and the maximum driving speed 
for each grid can be determined.

In this study, the free speed of each grid is defined as the maximum travel speed 
and is used to calculate the congestion index (K) (Li et al.,2020), as shown in Equation 
(2):

/K v V= (2)

The congestion index K is a crucial indicator for evaluating the traffic conditions 
of a road network because it reflects the traffic flow through the roadway. Specifically, 
a smaller K value indicates heavier traffic congestion, while a larger K value suggests 
smoother traffic conditions. The road network can be divided into colour-coded regions 
according to K values, ranging from red to green, to help road users quickly understand 
the current traffic situation of an area. By observing the distribution characteristics of 
K values at different periods, it is possible to gain further insights into the dynamic 
changes in urban traffic conditions and develop specific strategies such as adjusting 
traffic signal timings, re-routing vehicles, or implementing other measures to optimize 
the use of road space and reduce travel times, thus enhancing the operational efficiency 
and service quality of the road network.

3.2.2 K-means clustering

The k-means algorithm is an unsupervised machine learning algorithm used to 
partition a dataset into k different groups or clusters based on members with similar 
features(Likas et al.,2003). The K-means clustering algorithm has a simple idea and 
converges faster compared to other algorithms. Moreover, the clustering effect is better, 
and the only parameter that needs to be adjusted is the number of clusters, K. The 
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algorithm aims to partition n observations into k clusters, in which each observation 
belongs to the cluster with the nearest mean. In our study, urban traffic congestion is 
explored, and traffic conditions are categorized into four different categories. Therefore, 
we select the k-means clustering algorithm that best suited the specific demands of our 
study. The algorithm works as shown in Table 2.

Table 2 K-means algorithm process

Step Description

1 Decide on the number of clusters (k)

2 Randomly select k points from the data set as initial centroids

3
Assign each data point to the closest centroid using Euclidean distance as the distance 

metric

4
Recompute the centroid of each cluster by taking the mean of all the points assigned to 

it

5
Repeat steps 3 and 4 until the centroids no longer move, or a maximum number of 

iterations is reached

6
Obtain k clusters of data points that are most similar to each other based on their 

distances to the assigned centroids

In this paper, we use the speed and K congestion index of each vehicle as features 
to categorize the data. We then perform a k-means clustering analysis during each 
period to determine the traffic condition in the city. In this study, we apply the k-means 
algorithm to cluster the vehicle speed data into different congestion levels such as 
smooth flow, slow flow, congestion, and severe congestion, resulting in four clusters. 
We compare and analyze the obtained results with those of the congestion index. The 
flow of the K-means clustering algorithm is shown in Figure 3.
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Figure 3 K-means clustering algorithm flowchart

3.3 Calculate pollutant emission based on standards 

According to the current vehicle pollutant emission standards(Ministry of 
Environment Protection of the People’s Republic of China,2019) , the emission factors 
of various pollutants at different speeds were calculated by combining the 
characteristics of vehicle models, the geographical environment of Shenzhen, climate 
and other influencing factors. The results are shown in Table 3.

Table 3 Emission factors for different speeds

Speed range ( )/km hPollutant

( )/g km
<20 20-30 30-40 >40

CO 5.71 4.26 2.67 1.32

HC 0.65 0.48 0.30 0.12

NOx 0.13 0.11 0.083 0.08

PM 0.05 0.0375 0.0234 0.0096

After obtaining the pollution emission factors for different speeds, the distance 
travelled by the floating vehicle, the density of gasoline and the fuel consumption per 
km were combined to calculate the emission of different pollutants according to 
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Equation (3)Error! Reference source not found. (Ministry of Environment Protection 
of the People’s Republic of China,2019):

310i iE EF L −= × × (3)

Where,  is the emission of i pollutant;  is the emission factor of i pollutant; iE iEF

L is the distance traveled by the vehicle in meters.
The emission calculations for each type of pollutant are performed sequentially 

and then visualized on a map of Shenzhen. The resulting data is analyed to determine 
the impact of urban congestion on pollutant emission.

3.4 Calculate CO2 emission based on the fuel consumption-speed 

model

The carbon emission calculation method used in this study is the fuel 
consumption-speed model of Peng (2014) and Yao et al. (2022a). The fuel type of the 
vehicle is gasoline, and the carbon emission of the vehicle between a period of OD is 
assumed to be C, which is calculated by Equation (4) and (5):

510C F P L −= × × × (4)

2F a v b v c= × + × +
(5)

Where, C is the emission of CO2; P is the vehicle carbon emission factor, which 
is 2322.21 g/L in this paper; F is the fuel consumption per 100 kilometers; L is the 
distance between ODs; and a, b, and c are the regression parameters, which take the 
values of 0.0052, -0.9734, and 54.3605, respectively.

4 Case study

We conduct a comprehensive analysis using Shenzhen city's taxi data as a case 
study. Firstly, we examine the distribution of taxi orders by dividing the geographical 
area of Shenzhen into grids of 2000m x 2000m in size. Subsequently, we perform a 
statistical analysis to discern the overarching order distribution patterns. The 
visualization of this analysis is presented in Figure 4.
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Figure 4 Order Distribution

We begin by extracting taxi trajectories during passenger transportation based on 
a passenger status of 1 in the data. Subsequently, we derive the origin-destination (OD) 
pairs of the orders, outlining the starting and ending points of each order. The OD pairs 
provide valuable insights into the economic vitality of the respective regions. Through 
the OD distribution of passenger boarding and alighting, we can find that passengers 
are concentrated in the Bao'an, Futian, Longhua, and Luohu areas of Shenzhen (Figure 
4). It is also not difficult to find that there are more passengers in the places where 
airports and high-speed railway stations are located, and the flow of people in these 
places is also greater.

Guided by the empirical distribution of the order dataset, we establish a 
foundational framework to underpin our forthcoming analyzes concerning the intricate 
issues of traffic congestion and pollutant emission. This study focuses on the city of 
Shenzhen and reasonably selects two distinct time intervals, namely the peak period 
(8:00-8:30) and the off-peak period (23:00-23:30), for an in-depth investigation of 
traffic congestion dynamics and pollutant emission. We have not only analyzed the 
relationship between traffic congestion and pollutant emission, but have also extended 
our research to reveal the complex interactions and causal relationships between these 
multi-dimensional urban phenomena.

4.1 Congestion Index Analysis

The colour scheme utilized in this paper is based on the congestion index K, which 
ranges from smooth to congested. 
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(a) 8:00-8:30

(b) 23:00-23:30

Figure 5 presents the traffic operation status during (a) the morning peak and (b) 
at 11:00 p.m. It is evident that more red areas are present in 

(a) 8:00-8:30
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(b) 23:00-23:30

Figure 5 (a), particularly during peak travel periods, with Futian, Nanshan, and 
Luohu experiencing severe congestion due to the high mobility of residents and various 
entertainment options in these areas. Although some sections of the Beijing-Hong 
Kong-Macao Expressway and Shenzhen Northern Ring Road remain open, certain 
roads near airports and stations exhibit slow traffic.

Relatively speaking, some highways in Shenzhen are smoother than other roads in 
the city, as shown in 

(a) 8:00-8:30
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(b) 23:00-23:30

Figure 5 (b). Late-night conditions are notably better than those during the daytime 
since there are significantly fewer vehicles on the road than in the evening and morning 
rush hours. Despite being crowded, roads around high-speed railway stations display 
greater congestion compared to non-concentrated areas, where the roads are much 
smoother. Fewer individuals travelling leads to a reduced number of trips and vehicles 
on the road, resulting in a decreased level of congestion. It can therefore be inferred 
that late-night traffic is considerably less congested in Shenzhen than during peak hours.

(a) 8:00-8:30
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(b) 23:00-23:30

Figure 5 Traffic state map based on congestion index

4.2 K-means clustering analysis

In this study, we use a K-mean clustering algorithm to assess the traffic congestion 
of floating vehicles in Shenzhen city. By categorizing the vehicles into four groups 
based on their speed and congestion index, we can determine the average congestion 
index for each grid. The resulting road traffic map of Shenzhen city, as depicted in 
Figure 6, highlighted areas such as Bao'an International Airport, Nanshan, Futian, and 
Luohu as experiencing higher levels of congestion in comparison to smoother regions. 
Our analysis of the K-means clustering algorithm and the congestion index outcomes 
demonstrate that the approach used in this study is reasonable and accurately reflects 
real traffic conditions. The clustering results are consistent with those generated solely 
from the congestion index, confirming the effectiveness of the K-mean clustering 
algorithm in analyzing floating vehicle congestion.

(a) 8:00-8:30
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(b) 23:00-23:30

Figure 6 Traffic state map based on K-means algorithm

4.3 Pollutant Emission analysis based on the current standards

This section presents an overview of the emission of various pollutants, which is 
calculated based on the current vehicle emission standards. Figure 7 and Figure 8 show 
the emission of pollutants on the roads in Shenzhen during the morning peak and at 
night. 

The results in Figure 7 show that there is more pollutant emission in the more 
congested areas than in the smooth areas due to the poor road operating conditions and 
the lower speed values of floating vehicles travelling on the city roads at this time. For 
example, the roads in the areas near the Bao'an International Airport, the city 
government, and the railroad station show more red areas at this time. Roads in other 
areas, such as Longgang, have better traffic conditions so there are fewer pollutants in 
these areas. Based on the above analysis, it can be seen that road congestion is linked 
to greater pollutant emission, probably as a result of inadequate combustion of fuel in 
the cab and interruptions in the vehicle speed when travelling. 

Pollutant emission are much lower on roads late at night compared to the morning 
peak, as shown in Figure 8. At night, most of the roads in the area are in good condition, 
so not much pollutant is emitted. It can also be seen from the figure that pollutant 
emission on roads is higher only in areas with high activity, such as around the Bao'an 
International Airport in Bao'an District and the high-speed rail station Shenzhen Station 
in Luohu District. On the contrary, some highways and overpasses on the roads have 
low pollutant emission. Therefore, it can be inferred that the construction of large-scale 
transportation infrastructure and the subsequent increase in vehicle speeds can 
considerably reduce pollution caused by transportation.
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(a) CO (b) HC

(c) NOx (d)PM

Figure 7 Emission at 8:00 to 8:30

(a) CO (b) HC

(c) NOx (d)PM

Figure 8 Emission at 23:00 to 23:30

4.4 CO2 emission analysis based on the fuel consumption-speed model

Figure 9 shows emission levels during the morning peak hour and at 11 p.m. As 
shown in Figures (a) and (b), CO2 emission is higher in the Futian and Luohu districts, 
which are mainly concentrated near Futian and Shenzhen stations. These areas are 
characterized by a high density of office buildings, shopping malls and commercial 
centres, which naturally attracts more passengers, leading to a more concentrated 
distribution of cab orders in these areas.
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Comparing the two time periods, it is clear that CO2 emission during the morning 
peak hour is greater than that at 11 p.m. This difference highlights the relationship 
between traffic congestion and the increase in CO2 emission. Due to the increased 
demand for taxi services, traffic congestion increases during the morning peak hour, 
leading to an increase in CO2 emission.

(a) 8:00-8:30 (b) 23:00-23:30

Figure 9 CO2 Emission

4.5 The relationship between congestion and emission

In this paper, we calculate the average pollutant emission and the average 
congestion index of floating vehicles for different periods in 30-minute time units. We 
draw a comparative analysis of the relationship between various pollutant emission and 
congestion index. Figure 10 and Figure 11 describe the relationship between CO, HC, 
NOx, PM and CO2 emission and the average congestion index.

(a) CO (b) HC
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(c) NOx (d)PM

Figure 10 Relationship between pollutant emission per metre and congestion index

Figure 11 Relationship between CO2 emission per metre and congestion index

The horizontal axis in Figure 10 and Figure 11 represents time, and the vertical 
axis represents the average emission per unit distance for CO, HC, NOx, PM, and CO2 
from floating vehicles, respectively. Meanwhile, the right vertical axis shows the 
average congestion index of the floating vehicles in each period, with emission in blue 
and the average congestion index in green. From the figure, we can see that the higher 
the congestion index, the lower the emission of various pollutants, while the lower the 
congestion index, the higher the pollutant emission. This inverse relationship between 
pollutant emission and congestion index indicates that when urban road traffic is 
severely congested, the congestion index of motor vehicles decreases, which leads to 
an increase in pollutant emission. Conversely, pollutant emission decreases during 
hours when traffic is less congested or smooth. 

Reducing traffic congestion can be an effective way to reduce emission in urban 
areas, as shown by the inverse relationship between emission and congestion index. 
These findings have important implications for rational transportation planning to 
improve traffic congestion and reduce pollutant emission. For example, urban traffic 
managers may give priority and rapid response to the areas with high levels of traffic 
congestion and pollutant emission identified by FVD. Following this, they can use 
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measures such as congestion pricing, encouraging public transportation, and 
implementing traffic management policies to improve congestion and thus reduce 
pollutant emission in these areas.

5 Conclusions

This study focuses on analysing traffic congestion and pollutant emission 
problems based on floating vehicle (taxi) data in Shenzhen. We use big data methods 
and clustering algorithms to analyze the spatio-temporal characteristics of congestion, 
CO2 emission and pollutant emission in Shenzhen. Our findings indicate that taxi orders 
are mainly concentrated in transportation hub areas, such as Shenzhen Bao'an 
International Airport and Shenzhen Railway Station. From a temporal perspective, road 
traffic congestion in Shenzhen is more severe during the morning and evening peak 
hours, and pollutant emission (e.g., CO2, NOx) are thus also higher during these times. 
From a spatial perspective, traffic congestion in densely populated areas such as Bao'an, 
Futian, and Luohu is very severe, and the pollutant emission are higher than those in 
other areas of the city.

Our research provides a basis for sustainable transportation management in cities 
and offers references for the transportation sector to achieve carbon neutrality. Most 
countries promote low-carbon transportation, and reasonable traffic management and 
urban planning can achieve greater environmental benefits. In addition, traffic 
management in these areas may achieve better effects via focusing on heavily congested 
and high-emission transportation hubs. In terms of policy implications, this study 
emphasizes the importance of taking measures to reduce traffic congestion and 
pollutant emissions in urban areas. Several strategies can be considered, including 
encouraging the use of new energy vehicles, promoting shared mobility, and optimizing 
traffic management in congestion-prone areas. Based on this study, urban traffic 
managers may achieve sustainable transportation, mitigate the environmental impacts 
of congestion, and promote the achievement of carbon neutrality in transportation.

Inevitably, this study has several limitations. Firstly, it only utilizes floating 
vehicle data for taxi, which limits the accuracy of the congestion and pollution. We will 
expand our data collection to include a wider range of vehicle types, such as new energy 
vehicles, and analyze their impacts on emissions throughout their entire life-cycle. This 
will enable us to gain a more comprehensive understanding of the overall emission 
situation. In addition, the dataset used in this study is not large and thus may not fully 
capture the impacts of external factors, such as seasons and holidays, on traffic 
congestion and pollution emission. In future research, we plan to expand the dataset to 
incorporate data from different seasons and holidays, enabling us to gain a more 
comprehensive understanding of the variations in traffic patterns and emissions 
throughout the year. Finally, we do not consider the cost of using taxis, but the cost can 
influence people's willingness to take taxis or not, which in turn affects the number of 
orders. In the future, therefore, we may attempt to utilize other data to conduct an in-
depth study on the spatio-temporal characteristics of carbon emission for urban 
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transportation. These will provide significant theoretical and practical guidance for city 
managers to formulate and improve transportation planning, increase urban 
transportation efficiency, and reduce pollution emission.
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