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• Bibliometric analysis of floating car data research in the transportation field was performed using CiteSpace technology.

• Literature publication, keyword burst detection, co-occurrence, and cluster analysis were conducted.

• High-frequency floating car data can be used to model continuous operating speed prediction for heavy trucks.

• Transformer and Graph Neural Networks may capture the spatio-temporal patterns of floating car data.
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a b s t r a c t

With the advancement of intelligent transportation systems, floating car data (FCD), as a

crucial source of transportation information, has garnered increasing attention for its

applications and development directions within the context of massive traffic data. This

study conducts an in-depth literature review analysis of FCD in the transportation field

based on the Web of Science (WOS) database from 2000 to 2023, employing bibliometric

methods and knowledge graph technologies. The current research status was visually

analyzed through the literature distribution by year, research regions and institutions,

research hotspots, and literature clustering using the bibliometric tool CiteSpace. Three

major research topics were identified based on the literature clustering analysis. A sys-

tematic review of key literature was conducted to address research challenges related to

floating car sampling proportions and frequencies, and future research challenges and

opportunities were proposed. The results show an overall parabolic increase in publication

volume, with research hotspots mainly focusing on mountainous cities, cluster analysis,

machine learning, and deep learning. The three major research clusters include traffic flow

state, traffic safety, and route planning. The optimal investment proportion for floating

cars is determined to be 3%—8%, and the sampling frequency significantly affects the ac-

curacy of vehicle speed and heading angle information, while having a weaker impact on

positional parameters. With the trend of large-scale Internet-connected vehicle deploy-

ment in the future, a massive amount of FCD will be generated, prompting in-depth

research on the fusion of heterogeneous data sources, including FCD. Future research

could focus on leveraging transformer and graph neural networks to explore
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spatiotemporal features of data, developing lightweight real-time FCD processing algo-

rithms, and constructing multimodal refined models tailored to specific traffic scenarios.

1. Introduction

With the rapid development of economies and societies

globally, the transportation industry, as a fundamental and

leading sector of national economies worldwide, is facing

unprecedented opportunities and challenges. However, with

the continuous growth in travel demand, concerns regarding

traffic safety and efficiency are becoming more pronounced,

presenting significant challenges to the sustainable

advancement of the transportation sector on a global scale.

Intelligent transportation systems (ITS), as effective means to

enhance traffic management and address issues of safety and

efficiency, have achieved significant success internationally

(Ma et al., 2023). The progress and innovation of ITS heavily

rely on real-time, massive, and multi-source traffic data

support. In recent years, with advancements in traffic

detection technology, modern data collection methods such

as loop detectors, surveillance cameras, and floating cars

have gradually become important data sources for

intelligent transportation systems globally. These advanced

data collection technologies provide solid data support for

real-time monitoring and analysis of traffic conditions,

traffic flow optimization, road capacity improvement, and

ensuring traffic safety. In particular, FCD, with its strengths

of high dynamism, wide coverage, and large information

volume, has become an indispensable part of intelligent

transportation systems worldwide. Through in-depth

analysis and exploration of FCD, the refinement of traffic

management can be effectively enhanced, providing a

scientific basis for traffic planning, road design, emergency

response, and more. Therefore, strengthening the collection,

processing, and analysis of FCD is of significant importance

in driving the development of intelligent transportation

systems globally and elevating the overall level of the

transportation industry on an international scale.

Surveillance cameras, loop detectors, and gantry systems

serve as stationary data collection tools. Their fixed locations

present challenges in capturing comprehensive traffic data

over extended road segments or networks, and they may

miss traffic incidents between two fixed detectors. Addi-

tionally, these fixed detectors are usually exposed to outdoor

elements, making them vulnerable to damage from diverse

weather conditions and environmental factors. The sub-

stantial maintenance expenses linked to frequent repairs

contribute to the high overall cost of maintaining fixed de-

tectors (Darwish and Abu Bakar, 2015). Unmanned aerial

vehicle (UAV) technology holds significant potential for

advancement in road traffic data collection. It can

overcome spatial distance limitations without affecting

road traffic operations, enabling the acquisition of

macroscopic traffic data such as density, flow, and speed.

Nevertheless, UAVs are vulnerable to adverse weather

conditions and may encounter challenges in obtaining

precise microscopic traffic flow data, often due to issues

such as video distortion.

Floating cars are spatial dynamic data collectors capable of

providing real-time high-precision spatiotemporal traffic data

(Del Serrone et al., 2023). These data collection devices are

immune to adverse weather conditions and have relatively

low maintenance costs. Equipped with satellite positioning

and wireless communication, a fleet of vehicles gathers

spatial positions, vehicle speeds, vehicle IDs, time stamps,

and heading angles information, transmitting vast amounts

of real-time data to the central control room. This data serves

as a vital information source for intelligent transportation

systems. Widely used in the transportation sector, FCD offers

high precision and spatial resolution. Literature highlights

various applications of floating car technology, including

traffic state prediction (Mena-Oreja and Gozalvez, 2021), travel

time estimation (Li et al., 2022a, 2022b), abnormal event

detection (Pascale et al., 2015), fleet management (Dabbas

et al., 2021), among others. With the widespread use of FCD in

the transportation field, two main issues have emerged: the

lack of uniform standards for utilizing FCD, leading to

heterogeneity in attributes such as sampling proportion and

sampling frequency, affecting data quality and model

generalization. There is an absence of studies using

bibliometrics and knowledge graphs to systematically

summarize the primary theoretical research on FCD in

transportation, specifically identifying the transportation

issues best suited for such data. It is essential to conduct

thorough research and systematic analysis of the theoretical

underpinnings of floating car technology in transportation

from a data application perspective. This involves

summarizing the relationship between heterogeneous

attributes of FCD and model effectiveness, exploring

theoretical advancements in FCD within the transportation

domain, and their applicability to transportation challenges.

This process is crucial for delineating the future trajectory of

development.

This paper provides a systematic review of the research

progress of FCD in transportation from 2000 to 2023. The

article meticulously examines the major theoretical in-

novations and research accomplishments in this domain and,

in consideration of the distinctive characteristics of FCD, de-

lineates the corresponding research directions. Furthermore,

it rigorously explores the standardization of the discussion on

the fundamental attributes of FCD-sampling ratio and sam-

pling frequency. Ultimately, the paper presents a forward-

looking perspective on the challenges and opportunities that

research on FCD may encounter in the transportation field in

the future.
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Although there are existing review articles on FCD, certain

distinguishing characteristics justify the inclusion of this re-

view in the literature on FCD.

(1) Firstly, this review specifically focuses on a narrower

research scope focused on FCD, allowing for a more

detailed systematic review of literature from the past 20

years. In contrast, other similar literature tends to

emphasize “big data,” leading to more generalized re-

views that may lack detailed descriptions, with the

literature analysis usually covering the past 5 or 10

years (Lian et al., 2020; Neilson et al., 2019).

(2) This study also addresses a significant deficiency in

previous research by providing the latest analyses and

incorporating recent advancements. It also presents the

current research challenges and constructive solutions.

In contrast, other literature tends to focus more on

identifying research challenges with fewer practical

solutions offered.

(3) A notable feature of this review, unlike previous re-

views, is the adoption of bibliometric analysis tech-

niques, including journal analysis, co-occurrence

analysis, and clustering analysis. It also includes ana-

lyses of publication distribution by year, research re-

gions and institutions, and the importance of keywords.

Such analyses provide readers with a macroscopic un-

derstanding of the research field before delving into a

systematic literature review. The latter part of the re-

view follows a more traditional literature review

approach.

The rest of the paper is organized as follows. In Section 2,

the study outlines the data sources and research methods

employed. Section 3 showcases the annual distribution of

literature, research regions, and research hotspots. In

Section 4, the paper summarizes the clustering outcomes of

the reviewed articles, including the new theories and

conclusions within each cluster. Section 5 provides a concise

analysis of the fundamental attributes of FCD, particularly

focusing on sampling ratio and frequency. Section 6 delves

into future research challenges and opportunities. Finally,

Section 7 succinctly concludes the paper with overarching

conclusions from the reviewed studies.

2. Data sources and research methods

This section introduces the sources, quantity, and period of

the literature, and provides the principles and methods of co-

citation analysis, burst analysis, and clustering analysis.

2.1. Data sources

The literature was sourced from the Web of Science (WOS)

Core Collection database. The bibliometric analysis method is

only compatible with the WOS database. Due to the con-

straints of the methodology, we chose the WOS database for

our analysis. Additionally, the cluster analysis in Chapter 4

incorporated significant literature from ScienceDirect and

IEEE Xplore databases to avoid overlooking important

literature. The search query used was based on the topic:

“FCD” OR “floating car technology” OR “probe vehicle data” OR

“FCD”, limited to “research areas = engineering or trans-

portation”, with a search period from 2000 to 2023, and

selecting document types as “article or conference paper OR

review article”, resulting in a total of 769 relevant articles. The

reason the paper did not consider the related keywords “GPS

data” and “connected vehicle data” in our search formula is

that adding these two keywords would significantly increase

the number of retrieved literature to 3233 articles. When there

is an overwhelming amount of literature, it tends to lead to a

more macroscopic and generalized analysis, which may

hinder a detailed examination of the literature. Therefore, we

opted to focus solely on research within the scope of “FCD”.

2.2. Research methods

CiteSpace is a citation analysis visualization tool that has

gradually developed in the context of scientometrics and data

visualization. Its working principle involves placing the entire

research field in network space, visualizing scientific knowl-

edge structures, patterns, and distributions through visual

means, known as a scientific knowledge graph. Its main

analysis methods include co-citation analysis, burst analysis,

and clustering analysis.

2.2.1. Co-citation analysis

Co-citation analysis originates from the citation network,

which is generated from the mutual references between pa-

pers. Scholars often cite previous literature in their research

process, and when two articles are cited together, a connec-

tion line is added between them, forming a citation network

where multiple documents refer to each other. Co-citation

measures the similarity between two papers based on the

number of times they are co-cited by other papers. This rela-

tionship strengthens as the number of citations increases.

When co-citation analysis is applied to keywords, a keyword

co-occurrence network is formed, where keywords act as

nodes in the network, and the similarity between keywords is

represented by the thickness of the edges. The formula for

calculating the association strength is shown as follows.
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2.2.2. Burst analysis

CiteSpace offers the burst detection function to identify key-

words with significant changes in citation frequency over a

specific period. This feature is used to analyze the rise and fall

of keywords, determining research hotspots in different time

frames.

2.2.3. Cluster analysis

CiteSpace utilizes the modularity (Q value) and weighted

mean silhouette (S value) to jointly characterize the overall

clustering effectiveness based on network structure and

clustering clarity. Typically, a Q value greater than 0.3 in-

dicates a significant clustering result, while an S value greater

than 0.5 signifies reasonable clustering clusters and an S value

exceeding 0.7 indicates excellent clustering effectiveness.
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3. Statistical analysis

3.1. Annual distribution of literature

The literature distribution by year is illustrated in Fig. 1.

While publication output increased steadily in the early

period, the growth rate slowed and stabilized over time, as

indicated by the dashed line in Fig. 1. The years 2015 and

2019 represent two peak periods in the publication. The

first peak may be attributed to advancements in

communication technology, while the second peak could

be driven by the rise of data fusion technologies, leading to

the widespread application of FCD. To further analyze the

developmental context of the research, the time-zone

analysis in Citespace was utilized to arrange keywords in

chronological order. Based on the volume of publications

and research year, the study of FCD applications can be

roughly categorized into the stages of initiation, rapid

development, and steady development.

Initial development stage (2000—2010). FCD was initially

applied in the field of transportation in the year 2000, and by

2010, there were relatively few research outcomes, with an

average annual publication volume of only 10 papers, indi-

cating the stage of initiation. Research topics during this

phase included traffic dynamic models, driver behavior, traffic

OD matrix prediction, studies on data fusion technologies

considering FCD, further breakthroughs in global positioning

system (GPS) technology, and initial attempts and applica-

tions of intelligent transportation systems. FCD was not

widely utilized during this stage, and positioning technologies

related to floating cars were still in the developmental phase.

Rapid development stage (2011—2017). With an average

annual publication volume of only 30 papers, this stage rep-

resents a period of rapid development. The primary focus

during this phase was on the core technology of map match-

ing. Other research areas included traffic flow speed predic-

tion for urban traffic networks and highways, traffic wave

propagation modeling, and travel time prediction. Research

methods tended to lean towards utilizing big data-driven

clustering algorithms to mine FCD.

Steady development stage (2018 to present). With an

average annual publication volume of 60 papers, this stage

represents a period of steady development. Research di-

rections in this phase show a trend towards diversified

development. High-precision extended FCD has emerged,

which can be generated in real-time by connected vehicles.

Research topics include traffic flow state prediction, macro-

scopic fundamental diagram estimation, trajectory data

reconstruction, capacity estimation, travel time prediction,

queue length estimation, congestion pattern recognition,

traffic safety studies, and reliability research. The research

scope encompasses both path-level and network-level roads.

Research methods include machine learning and deep

learning, with commonly used algorithms being Convolu-

tional Neural Networks and Generative Adversarial Networks.

3.2. Research areas and institutions

The distribution of countries and institutions is shown in

Table 1. The table presents the top 15 countries based on

publication volume, with the percentage representing the

proportion of publications from each country to the total. It

can be observed that due to national policies and the

advantage in the number of researchers, China and the

United States are the largest contributors, with research

output percentages of 28% and 21%, respectively. Following

closely are Germany, Italy, and Japan, with percentages of

12%, 7%, and 6%, respectively. Additionally, the Netherlands,

Belgium, France, Spain, Sweden, Austria, Canada, India,

South Korea, and Australia each account for 2%—4% of the

total publication volume.

In addition, the main research institutions in each coun-

try were also analyzed. The internal institutions within each

country are ranked from most to least prominent. In China,

the primary research institutions include Beijing Jiaotong

University, Tongji University, Tsinghua University, Wuhan

University, and Chang’an University. In the United States, a

Fig. 1 — Yearly distribution of literature.
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key player in international competition, prominent in-

stitutions include Florida State University, University of

California, Purdue University, and Virginia Tech. In conclu-

sion, research on FCD in the transportation field is wide-

spread globally, with numerous internationally renowned

research institutions involved. This indicates that the related

research is valued and focused on from an international

perspective, leading to the production of abundant research

outcomes.

3.3. Keyword importance

The higher the frequency of a keyword, the more publications

related to that keyword were published within the analyzed

year, and high-frequency keywords can reflect the main-

stream research directions. Centrality refers to the centrality

of a keyword in the co-occurrence network. A higher value

indicates that the keyword is directly connected to more other

keywords, implying a higher importance of the keyword in the

co-word network. The top ten keywords by frequency and

centrality from the keyword co-occurrence analysis are pre-

sented in Table 2. The numerical values in the last column in

parentheses indicate the ranking based on centrality.

It can be observed that the keywords with higher fre-

quencies include prediction, big data, traffic flow, machine

learning, vehicle sharing, speed, neural networks, map

matching, and travel time prediction. It is reasonable to infer

that mainstream research often adopts big data-driven ma-

chine learning and deep learning methods, focusing primarily

on predictive issues related to speed, traffic flow, and travel

time (Winfrey et al., 2023).

There are significant changes in centrality ranking

compared to frequency ranking. It is noteworthy that the

centrality ranking of vehicle sharing has surged to first place,

indicating that recent mainstream research often integrates

the concept of vehicle sharing. Following that are traffic flow,

map matching, travel time prediction, speed, big data, neural

networks, and machine learning.

3.4. Keywords popping up

Keyword importance analysis focuses on the cumulative fre-

quency during the research period, which cannot illustrate

the changes over the years. The latter can reflect the differ-

ences in research hotspots in different years. To analyze the

research hotspots of FCD in different years, this study utilizes

the burst detection function of CiteSpace to detect the rise and

fall of keywords from 2010 to 2023. The burst detection func-

tion captures the moments of significant increase and decline

in keyword frequency in different years to determine the

research hotspots in different periods. By sorting the starting

year of keyword bursts from the furthest to the nearest, the

keyword burst results are presented in Fig. 2.

It can be observed that the primary research hotspots

before 2018 were travel time prediction, map matching, route

planning, and intelligent transportation systems. After 2018,

speed, machine learning, and deep learning have become

research hotspots. By 2023, travel time prediction, and ma-

chine learning have remained research hotspots for a

continuous period of three years, while other research hot-

spots disappeared within two years.

4. Cluster analysis

4.1. Keyword clustering results

To explore the mainstream research topics of FCD, keyword

clustering analysis was conducted to identify clusters of

literature using the association strength normalization

method with a co-citation frequency threshold set at 5. The

clustering results are shown in Fig. 3. It can be observed that

the keywords are clustered into three categories, with

keywords in each cluster sharing similar research themes.

The research focuses on three main themes: traffic flow

state, traffic safety, and route planning. A systematic review

of the literature focused on the different clustering

Table 1 — Country and organization distribution of the FCD application literature.

Index Country Publication (%) Main research institution

1 China 28 Beijing Jiaotong University, Tongji University, Tsinghua University,

Wuhan University, Chang'an University

2 United States 21 Florida State University, University of California, Purdue University,

Virginia Tech

3 Germany 12 Technical University of Munich, Helmholtz Association, German

Aerospace Center, University of Duisburg-Essen, Brunswick University of

Technology

4 Italy 7 Polytechnic University of Milan, Sapienza University of Rome

5 Japan 6 University of Tokyo, Tokyo Institute of Technology, Nagoya University

6 Austria 4 Austrian Institute of Technology, University of Salzburg

7 France 4 Grenoble Alpes University, �Ecole Normale Sup�erieure Paris

8 Canada 3 University of Waterloo, University of Alberta, University of Calgary,

University of Toronto

9 Netherlands 3 Delft University of Technology

10 India 2 Indian Institute of Technology, Indian Department of Transportation

11 South Korea 2 Seoul National University

12 Belgium 2 Ghent University

13 Sweden 2 Royal Institute of Technology

14 Spain 2 Polytechnic University of Madrid

15 Australia 2 University of Queensland, University of New South Wales

J. Traffic Transp. Eng. (Engl. Ed.) 2025; 12 (4): 752—771756

https://doi.org/10.1016/j.jtte.2024.09.005


directions will follow, a process that includes further searches

of the literature from the ScienceDirect, and IEEE Xplore

databases, and the incorporation of some new literature and

possibly the collection of some of the older literature.

However, our ultimate goal is to minimize the risk of

overlooking any relevant literature.

4.2. Traffic flow status (cluster one)

With technological advancements, the availability of FCD

continues to improve, encompassing not only historical tra-

jectory data but also real-time data streams, laying the foun-

dation for enhancing the level of traffic management services.

Among various traffic flow management services, the pre-

diction of traffic flow status is of significant importance for

traffic planning and traffic safety research. While most studies

rely on loop detectors to collect traffic data, this method poses

challenges such as high costs, time-consuming processes, and

limitations due to sensor deployment locations. In contrast,

FCD can effectively overcome these constraints. Subse-

quently, this paper will focus on introducing research on

traffic flow status based on FCD, covering four subtopics:

traffic volume, traffic speed, traffic density, and macroscopic

fundamental diagram. The main areas of research focus are

detailed in Table 3.

4.2.1. Traffic volume

Traffic volume estimation is an essential component of traffic

management systems. Traditional road detectors, such as loop

detectors and cameras, can directly detect traffic volume.

However, these devices are susceptible to adverse weather

conditions, leading to equipment wear and high maintenance

costs. Floating car technology addresses this challenge by col-

lecting data unaffected by adverse weather conditions, resulting

in relatively lower maintenance costs. In contrast, the primary

approach to traffic volume estimation is based on estimated

vehicle travel times. To achieve traffic volume prediction tasks,

travel time data extracted from FCD is often used as model

input, while historical traffic volume data obtained from road

detectors is used as output to establish a nonlinear relationship

between the two (Li et al., 2019). Fig. 4 illustrates the process of

obtaining travel times using Google Maps FCD, obtaining

traffic volume using road sensors, and constructing Gaussian

Process Regression (GPR) models for both. Sekula et al. (2018)

and Zercher et al. (2024) studied the issue of estimating

historical traffic flow between sparse traffic sensors and

proposed a new method that combines neural networks with

existing section methods, quantifying the value of estimating

traffic volume using FCD. Seo et al. (2015) developed a method

to estimate flow, density, and speed based on detected vehicle

data without requiring additional assumptions about traffic

flow characteristics (e.g., fundamental diagram). Antoniou

estimated OD flows in a real network.

4.2.2. Traffic speed

Accurately predicting urban road traffic speed is of significant

importance for the precise implementation of intelligent

transportation systems. The primary challenge in recon-

structing traffic speed is the spatiotemporal sparsity of FCD

and the dynamic changes in penetration rate, which affect the

accuracy of estimation. To address this, this challenge can be

addressed from both a data perspective and a methodological

perspective.

From a data perspective, FCD belongs to the spatiotem-

poral two-dimensional data type. Existing fusional data types

include temporal dimension data, spatial dimension data, and

spatiotemporal dimension data. Among them, spatiotemporal

dimension data is consistent with a FCD type, and data fusion

can yield better results. Visual traffic data collected by video

cameras installed on floating cars falls under spatiotemporal

data and can be used to enhance traditional FCD. Empirical

results show that visually enhanced FCD significantly en-

hances the accuracy of traffic speed estimation (Pavlyuk and

Jackson, 2022). Combining complementary information from

Fig. 2 — Keywords popping up in the top 8 of Web of

Science. Fig. 3 — Clustering results map.

Table 2 — Top 10 high-frequency keywords in Web of

Science.

Index Keyword Frequency Centrality

1 FCD 114 0.18 (2)

2 Prediction 23 0.07 (6)

3 Big data 15 0.01 (7)

4 Traffic flow 14 0.16 (3)

5 Machine learning 9 0.00 (8)

6 Car sharing 9 0.27 (1)

7 Speed 8 0.07 (6)

8 Neural network 7 0.01 (7)

9 Map matching 7 0.11 (4)

10 Travel time estimation 7 0.09 (5)
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multiple sources typically enhances accuracy, strengthens

robustness, and reduces ambiguity. Jiang et al. (2017) fused

FCD and loop detectors to reconstruct the speed field based

on heterogeneous data. Deng et al. (2013) studied how to use

multiple data sources (including loop detector counts, AVI

Bluetooth travel time readings, and GPS location samples) to

estimate the macroscopic traffic state of homogeneous

highway sections. Although data assimilation techniques for

reconstructing and predicting traffic states from multiple

data sources have made significant progress, these methods

are mostly data-driven and do not fully utilize the value of

physical models (Nantes et al., 2016).

Improvements at the methodological level may further

address the sparsity and dynamic penetration rate issues. Since

FCD may exhibit different penetration rates at different

spatiotemporal locations, the spatiotemporal domain can be

decomposed into smaller grid units for separate processing,

where grid speed data and grid occupancy are used as input,

which may be effective. Rempe et al. (2022) improved the

architecture of a deep CNN U-net to address the sparsity of

FCD and investigated the problem of spatiotemporal

highway traffic speed estimation based on deep convolutional

neural networks. The improved network yielded good

spatiotemporal distribution results of speed, as shown in

Fig. 5. From the graph, it can be seen that the data of speed in

the space-time range is continuous and complete, and no

longer sparse. If it were still sparse, Fig. 5 would show a

discrete speed-space-time graph. Hara et al. (2018) proposed a

model for estimating unobserved highway path speeds using

historically detected vehicle data through machine learning

techniques. Zhang and Yang (2020) utilized regression

machine learning algorithms to estimate traffic speed using

FCD and sensor detector data. Rempe et al. (2017) introduced

a novel method for estimating highway speeds based on FCD,

which only requires speed data from floating cars without

relying on other data inputs such as density or flow

information.

In the field of traffic speed estimation, floating car trajec-

tory data is often combined with deep learning methods,

utilizing recurrent or convolutional neural networks to fully

explore the spatiotemporal two-dimensional features. The

main challenge faced is the sparsity of spatiotemporal FCD,

prompting scholars to often use multi-source heterogeneous

data fusion as model inputs to enhance data density. Further

research is needed on how to accurately reconstruct speed

with fewer data (Yoon et al., 2018).

4.2.3. Traffic density

The emergence of connected and autonomous vehicles (CAVs)

has provided new possibilities for utilizing extended FCD

(XFCD) for traffic state estimation (Kyriacou et al., 2022).

Compared to traditional FCD, XFCD not only has higher road

network coverage but also can measure the distance

between floating cars and surrounding vehicles. Critically,

the distance information is closely related to traffic density

estimation, and XFCD combined with the Bayesian

framework and maximum a posteriori estimation can derive

traffic density (Kyriacou et al., 2021). Heshami and Kattan

(2024) proposed a Bayesian traffic state estimation method

for estimating traffic density based on XFCD. In addition,

traffic density can also be derived from flow and speed

information (Rodriguez-Vega et al., 2021). Prediction mainly

relies on travel time information in FCD. When predicting

traffic speed, research challenges such as data sparsity and

dynamic penetration rate exist and may benefit from data

fusion and spatiotemporal unitization methods. In addition

to traditional reliance on speed and flow data calculations,

predicting traffic density can also make full use of the

vehicle spacing information in XFCD.

4.2.4. Macroscopic fundamental diagram

The macroscopic fundamental diagram (MFD) is a graphical

representation characterizing the relationship between traffic

volume and density and is one of the important tools for

evaluating traffic states (Carlos and Daganzo, 2007; Daganzo

and Geroliminis, 2008). Floating car trajectory data, by

providing detailed traffic volume and speed information,

helps in fine-tuning the modeling of traffic flow operation

states. Currently, using floating car trajectory data for MFD

estimation is a common method.

Most studies combine FCD with loop detector data (LDD) to

validate and estimate the MFD. The required traffic volume is

obtained from LDD, while traffic density and speed are ob-

tained from FCD (Ji et al., 2018). Previous studies have

conducted extensive work on validating MFD based on FCD.

Kong et al. (2018) proposed a method for estimating queue

length based on different percentages of floating vehicles

using a Back Propagation neural network. Based on

Table 3 — Research hotspots of floating vehicle data in the field of traffic state prediction.

Research topic Related literature Main research content

Traffic volume Antoniou et al. (2016), Sekula et al. (2018) Estimation of historical traffic volume between

sparse traffic sensors

Traffic speed Jiang et al. (2017), Pavlyuk and Jackson

(2022), Rempe et al. (2022)

Fusion of multi-source heterogeneous data to

enhance sparse data density, improvement of

estimation accuracy through neural network

algorithms

Traffic density Kyriacou et al. (2021, 2022) Extension of FCD combined with Bayesian paradigm

and maximum a posteriori estimation to derive

traffic density

Macroscopic fundamental

diagram

Jiang et al. (2021), Kong et al. (2018) Validation and improvement of macroscopic

fundamental diagram through a fusion of FCD and

loop detector data
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estimating queue length, the relationship between average

queue length and average flow, speed, and density at

intersections was fitted, demonstrating the existence of

MFD. Knoop et al. (2018) obtained aggregated data for one

month in 2015 using Google Maps. They collected aggregated

speed and volume every 5 min from 7 a.m. to 10 p.m.,

proving the existence, shape, and robustness of the

Amsterdam MFD. Jiang et al. (2021) extracted speed from

FCD collected from over 60,000 GPS-equipped taxis in Beijing

and used 2-min aggregated traffic volume from 44 RTMS

detectors on the Beijing Ring Expressway to propose an

improved fundamental diagram considering spatiotemporal

changes in traffic volume and speed. The research showed

that combining data can reduce MFD estimation errors to

0.04 (Ji et al., 2018). FCD is often used as one of the fusion

data sources in MFD estimation research, complementing

and correcting each other with non-homogeneous data,

which can reduce errors caused by insufficient quality and

accuracy, thereby improving the accuracy and reliability of

MFD estimation.

4.3. Traffic safety (cluster two)

Real-time prediction of collision risk can provide support for

traffic accident management, offering important informa-

tion for allocating resources to professionals to actively

address anticipated traffic accidents. Understanding the

relationship between traffic operating conditions and colli-

sion risk and further implementing safety measures is

crucial. Variance differential is often considered to be asso-

ciated with high collision risk. However, using sparse and

intermittent loop sensors can often fail to capture contin-

uous speed variations and detailed vehicle formations near

collision locations. Microscopic and high-resolution FCD can

address this issue. The main research hotspots of this cluster

are shown in Table 4.

4.3.1. Traffic accidents

In recent years, significant progress has been made in traffic

accident modeling. However, due to limitations in data

collection methods, numerous studies have failed to produce

reliable predictions (Lee et al., 2002; Oh et al., 2005). Floating

car technology, as a real-time collision tendency data

collection method, provides high data accuracy and wide

coverage in space and time. Therefore, numerous scholars

have endeavored to leverage it for traffic accident prediction.

Most studies use traffic data from the location of accidents

to conduct research, but this data is often difficult to obtain. In

addition, the traffic environment in which the accident vehicles

are located before and during the accident can influence the

accident outcome (Zabat et al., 1995). Therefore, filtering out

Fig. 4 — FCD training process.

Fig. 5 — Spatio-temporal speed distribution considering

data sparsity (Rempe et al., 2022).
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floating cars that were in the same traffic environment as the

accident vehicles before or during the accident and extracting

their speed and other relevant information, such as speed

differential ratio, average speed difference, speed fluctuation,

and speed variance, to represent the traffic conditions at the

accident scene (Zabat et al., 1995). Xu et al. (2019) used FCD

with a 10-s sampling interval to extract speed differential

information during the morning peak hours on urban

elevated highways. They derived the standard deviation of

the sectional density-constrained speed mean (SDCSM) and

the mean-constrained speed standard deviation (MCSSD) and

developed a hierarchical and non-hierarchical Poisson-

Gamma measurement error model to simulate collision

frequency on highways. Yu et al. (2021) conducted collision

risk analysis using discrete and comprehensive traffic data

(such as loop detector data and detected vehicle data) and

identified collision events as the prediction target. They used

the safety surrogate indicator with a collision correction time

(MTTC) of less than 2 s to identify high-risk events extracted

traffic operation characteristics in the 5 s before the event

occurred based on vehicle trajectory data, and developed

three different logistic regression models. Zhang et al. (2024a,

b) utilized high-resolution real-time traffic speed data from

crowdsourced floating cars on the Alabama highway network,

employed machine learning models, and predicted collision

risk on highways based on pre-collision traffic dynamics

(such as average vehicle speed, and speed differential) and

static highway properties.

4.3.2. Traffic congestion

Traffic congestion prediction involves utilizing historical data

and current information to forecast the traffic congestion sit-

uation in a specific local area or the entire road network for a

certain period, given the known or partially known traffic flow

state. The automatic identification of traffic congestion status is

an essential component of intelligent transportation systems

and serves as a prerequisite for urban expressway monitoring

and intelligent traffic control. Both domestic and international

research has demonstrated that congestion on one or several

roads is sufficient to cause congestion throughout the entire

city road network. Consequently, precise identification the

bottleneck locations of these congested roads and imple-

menting effective measures can gradually address the issue of

traffic congestion across the entire road network.

Advanced traffic congestion estimation methods are

mostly based on FCD (Kan et al., 2019; Zhao and Hu, 2019),

whereas alternative approaches employ data from

automatic license plate recognition systems (Beliakov et al.,

2018; Shi et al., 2018; Zheng and Liu, 2017). Common

indicators for discerning traffic congestion include traffic

performance index (TPI) (Sun et al., 2019), speed (D’Andre

and Marcelloni, 2017), travel time (Tang et al., 2016), density

(Laranjeiro et al., 2019), and queue length (Song et al., 2019).

FCD can directly provide high-precision information on

speed, travel time, and queue length, making it highly

favored in traffic congestion estimation.

Domestic and international scholars mainly utilize speed

information extracted from FCD to accurately identify and

locate road congestion bottlenecks. By converting average speed

data into traffic state information, the traffic bottleneck loca-

tions can be determined. Altintasi et al. (2017) collected FCD at 1-

min intervals from a main urban road in Ankara, extracting

average speed information from the FCD. They defined

qualitative 4-scale state parameters based on average speed

according to the service level of urban roads. Zhu et al. (2021)

calculated the average travel speed based on travel time in

FCD and used it as an indicator for categorizing congestion

levels. By incorporating fuzzy theory to address the issue of

inaccurate speed thresholds, they established a congestion

discrimination model. Zhang et al. (2014) using FCD at a 5-min

time granularity, established 3-level discrimination indicators

based on the spatiotemporal characteristics of recurrent

congestion, including congestion thresholds, the ratio of

congestion duration to frequent periods, and frequency of

recurrent congestion. Zhang et al. (2018) utilized 5-min

aggregated FCD from Beijing to extract speed differentials as

congestion discrimination indicators to identify traffic

bottlenecks, with the speed-capacity ratio used as an auxiliary

Table 4 — Hot research topics of FCD in traffic anomalous event recognition and prediction topic.

Application directions Research topics Related literature Main research content

Traffic accident Traffic accident detection Asakura et al. (2017), Houbraken

et al. (2017), Jalali and Torfeh Nejad

(2020), Yang et al. (2017)

Real-time monitoring of accident

locations, prediction of congestion

time and locations caused by

accidents, and identification of

secondary collisions.

Traffic accident prediction Fu et al. (2019), Zhang et al. (2024a,

b), Yu et al. (2021)

Predicting collision risks on

highways based on pre-collision

traffic dynamics (such as average

vehicle speed and speed reduction)

and static properties of highways;

identification of risky drivers.

Traffic congestion Traffic congestion identification D’Andre and Marcelloni (2017),

Laranjeiro et al. (2019), Song et al.

(2019), Sun et al. (2019), Tang et al.

(2016)

Identification of traffic congestion

using traffic performance index,

speed, travel time, density, and

queue length.

Traffic congestion prediction Erdeli�c et al. (2021), Houbraken

et al. (2018)

Adaptive adjustment of traffic

congestion prediction models

based on the spatiotemporal

dynamic characteristics of FCD.
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indicator to distinguish true bottlenecks from non-bottlenecks.

The identified traffic bottlenecks are shown in Fig. 6. The

longitudinal axis in the figure corresponds to the identification

numbers of bottlenecked road segments, while the horizontal

axis represents the time range during which traffic bottlenecks

occur on the corresponding segments. It can be observed that

the numerical values marked on the longitudinal axis

represent the key road segments prone to traffic bottlenecks

within the scope of the study. Segment 91 stands out as the

road segment with the longest duration of traffic bottlenecks

within a day, thus warranting significant attention from the

transportation management authorities. These studies

primarily predict traffic congestion using average speed

information from FCD, focusing on the static identification

and evaluation of traffic congestion while neglecting the

spatiotemporal heterogeneity of traffic congestion.

In recent years, significant advancements have been made

in the spatiotemporal prediction of traffic congestion based on

floating car trajectory data. To effectively capture the spatio-

temporal characteristics of congestion models, it is necessary

to construct spatiotemporal grid units. Some scholars, based

on the matching of FCD with spatiotemporal road network

data, have introduced the principle of probability density

segmentation to segment vehicle speeds in spatial and tem-

poral distances, aiming to establish congestion models with

adaptive adjustment capabilities (Chen et al., 2022). Prior to

inputting the spatiotemporal grid of roads into the model,

clustering processing is typically performed to aid in

extracting data features for the model, thereby constructing

a more accurate multimodal congestion model.

The spatiotemporal grid units constructed based on speed

and travel time information derived from extensive historical

FCD enable the analysis of congestion patterns from both

macro and micro perspectives. At the micro level, congestion

segments can be delineated using speed profiles, whereas at

the macro level, congestion zones are generally identified

using travel time data. The identification of congestion zones

based on travel time highlights the spatiotemporal heteroge-

neity of traffic congestion, indicating that congestion bound-

aries exhibit spatial variations across different periods, as

depicted in Fig. 7.

The congestion propagation process at a finer time scale is

illustrated in Fig. 8, where the study integrates FCD with LDD

using speed as a congestion discrimination indicator

(Houbraken et al., 2018). The red section demonstrates the

procession of congestion (lower speed) starting at 8 km and

propagating backwards over time. A substantial amount of

FCD is essential for tasks related to identifying traffic

congestion. For instance, in one study, the historical FCD data

of 4908 vehicles collected over 5 years totaled 6.55 billion

records, with moving vehicles sampled approximately once

every 100 m and stationary vehicles sampled every 5 min

(Erdeli�c et al., 2021). It is apparent that congestion indicators

often include average speed, speed differentials, and

congestion indices. Previous studies predominantly focused

on static congestion, categorizing congestion states based on

indicator thresholds. Recent research has delved into the

multidimensional spatiotemporal characteristics, evolution

processes, and spatiotemporal multimodal models of traffic

congestion.

4.4. Route planning (cluster three)

Route planning and travel time prediction are typical sce-

narios for utilizing FCD. FCD inherently includes timestamp

information, enabling direct measurement of travel time. The

primary research focal points within this cluster are sum-

marized in Table 5.

4.4.1. Identification of actual routes

Route identification typically relies on a substantial volume

of historical traffic data, combined with machine learning

and deep learning techniques, to identify drivers’ actual

driving paths by analyzing the correlation patterns among

various locations within the traffic network. The primary

approach for path identification based on FCD involves

initially extracting travel time details, where the actual

driving route is identified as the one with estimated travel

times closest to the actual travel time among all feasible

paths. FCD and vehicle radio-frequency identification (RFID)

data are commonly used to extract travel time information.

Dabbas et al. (2021) aggregated FCD with a sampling rate of

50% below 15 s and 75% below 30 s, finding that aggregated

FCD can accurately estimate routes. Bracci et al. (2021)

constructed a set of approximately 10,000 actual FCD

vehicle driving routes.

4.4.2. Optimal route planning

Vehicle route selection typically aims to minimize travel time

and reduce fuel consumption as optimization objectives,

considering factors like traffic congestion, road conditions,

and vehicle characteristics. Optimization algorithms are used

to find the best route. Floating car data can extract travel time

information and is commonly used to develop optimal route

selection models to reduce congestion. Furthermore, real-

time speed data enables the analysis of route selection models

to minimize traffic pollutant emissions.

Aiming to minimize travel time, Shen and Ban (2016)

proposed a route analysis algorithm based on FCD (FCD) that

considers dynamic edge weights for the shortest travel time.

Yang et al. (2015) used GPS data obtained from the taxi

dispatch system in Beijing, and extracted origin-destination

Fig. 6 — Identification of spatio-temporal traffic bottlenecks

in the third ring road of Beijing (Zhang et al., 2018).
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(OD) pairs for travel time information. By comprehensively

considering the influence of road network conditions and

traffic conditions on driver route selection behavior, they

constructed a taxi multi-path probability selection model

based on the path-size logit (PSL) model. Davoodi and

Mesgari (2015) introduced an ant colony optimization

algorithm that includes the fusion of non-homogeneous

traffic data, including FCD, to determine the optimal route.

To reduce traffic emissions, analysing speeds on road seg-

ments every 15 min can help identify a less polluting travel route

by utilizing a dynamic speed map, COPERT emission factors,

and a time-dependent Dijkstra algorithm (Jayol et al., 2022).

4.4.3. Segment-level travel time prediction

Methods for predicting travel times on road segments based

on FCD mainly consist of theoretical analytical methods and

practical engineering methods.

Theoretical analytical methods encompass neural network

models (Song et al., 2013; Zhang et al., 2017a, b; Zheng and Van

Zuylen, 2013), Kalman filtering models (Jiang et al., 2014a, b),

maximum likelihood models (Jenelius and Koutsopoulos,

2013), etc. The travel time extracted from FCD or the ratio of

travel times between the target segment and adjacent

segments can serve as the model output, while the input can

include the relationship features between the target segment

and adjacent segments (Zhang et al., 2017a, b), road feature

parameters (e.g., speed limits, road gradients) (Jenelius and

Koutsopoulos, 2013), road environment conditions (traffic

volume changes over a period, current season and weather

conditions, etc.) (Zhong et al., 2021), and intersection signal

timing information (Jenelius and Koutsopoulos, 2013).

Theoretical analytical methods often involve numerous

assumptions and intricate modeling, rendering them largely

impractical for engineering applications. Additionally, many

theoretical models require intersection signal timing data.

Given the restricted sharing of traffic data among urban traffic

management departments in China, crucial data, especially

intersection signal timing data, are often unavailable, greatly

impeding the implementation of these methods.

Field engineering models include direct methods and in-

direct methods. Direct methods utilize the positional co-

ordinates of FCD points on both sides of a road segment

boundary to estimate the moment when vehicles cross the

segment boundary through interpolation, thereby calculating

the travel time for a single vehicle on the road segment. In-

direct methods use the instantaneous speed sequence of FCD

points to estimate the average speed of vehicles passing

through the road segment and then calculate the travel time

for a single vehicle on the road segment. As the sampling in-

terval of FCD data increases, the estimation errors of travel

times obtained by both direct and indirect methods show an

increasing trend. When the sampling interval is less than 7 s,

the estimation errors of direct and indirect methods are quite

similar. However, if the sampling interval surpasses 7 s, the

direct method demonstrates notably superior estimation

Fig. 7 — Spatial characteristics of congestion and changes in congestion boundaries in the day-week dimension (Erdeli�c

et al., 2021). (a) Congestion zone of the City of Zagreb-S. (b) Congestion zones per day in the week in the City of Zagreb-R.

Fig. 8 — Congestion transfer process (color represents

speed) (Houbraken et al., 2018).
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performance compared to the indirect method (Jiang et al.,

2009).

The studies mentioned highlight that theoretical analytical

methods entail various assumptions, and complex modeling,

and are challenging to implement, yet they provide high pre-

diction accuracy, often utilizing travel time information from

FCD as the model output. Conversely, practical engineering

models are straightforward to implement, but they assume

vehicles travel at a constant speed between adjacent

FCD points, which may not reflect real-world conditions

accurately. Additionally, the implementation conditions as-

sume the presence of FCD points near the boundaries of road

segments, but most data have relatively low sampling fre-

quencies, which do not meet the assumption.

4.4.4. Intersection delay time

Vehicle queues and turning delays at signalized intersections

directly contribute to an increase in travel time (Axer and

Friedrich, 2016). Some scholars have utilized FCD to study

queue lengths and turning delays at signalized intersections.

The location information of the tail-end floating car is a key

factor in estimating the real-time queue length at signalized

intersections (Zhuang et al., 2013). However, solely

determining queue length based on the position of the tail-

end floating car relies on the ideal assumption that the

floating car is at the tail end. Liu et al. (2016) improved upon

this by using the tail-end floating car position as the base

and employing a weighted average arrival rate to represent

the arrival rate of vehicles after the tail-end floating car,

thereby calculating the maximum queue length of vehicles

within a signal cycle. This method not only inherits the

estimation concept based on the tail-end floating car

position but also introduces the concept of arrival rate,

making the model more reflective of real-world scenarios.

In terms of intersection turning delays, Liu et al. (2013)

proposed a technical framework for calculating turning

delays at intersections using FCD, combining the mainline

method. Some scholars have applied deep learning methods

to estimate intersection delays. Liu et al. (2013) computed

the necessary parameters for delay estimation by analyzing

the spatiotemporal trajectories of floating cars, determined

intersection signal timing through K-S testing and density

clustering algorithms, identified the total number of blocked

vehicles at the intersection based on traffic wave theory, and

calculated the average delay by integrating traffic flow me-

chanics at intersections. Liu et al. (2013) utilized loop detector

data and floating car travel times to calculate the average

delay time at signal-controlled intersections.

4.4.5. Path-level travel time prediction

The methods for predicting path-level travel time using FCD

are similar to those for segment-level travel time. However,

due to the increased complexity of path research compared to

segments, predicting travel times at the path level faces

challenges in research accuracy due to low frequency and low

penetration rates. Scholars have attempted to address this

issue by employing non-parametric path travel time distri-

bution estimation (Rahmani et al., 2015), Bayesian methods

within a particle filter framework (Qin and Yun, 2018), and

combined methods using convolutional neural networks and

long short-term memory networks (Li et al., 2022a, 2022b).

Among these, the deep learning network model that

combines convolutional neural networks and long short-

term memory networks considers spatial dependencies,

temporal dependencies of road segments, and the issue of

temporal drift in coarse-grained data, achieving a prediction

accuracy of over 90%, with the method’s efficiency currently

at a leading level among similar models. Zhang et al. (2017a,

b) utilized large-scale FCD, to first extract spatiotemporal

traffic features through gray-level co-occurrence matrices.

They then predicted future travel times by integrating

historical travel times within specific departure intervals,

Table 5 — Research hotspots of FCD in the field of path planning and travel time prediction.

Application

directions

Research topic Related literature Main research content

Route planning Path identification Comi and Polimeni (2022), Croce

et al. (2020), Dabbas et al. (2021)

Utilizing FCD to obtain actual travel times and

identifying the actual path by comparing estimated

travel times of potential paths

Path optimization Jayol et al. (2022), Shen and Ban

(2016)

Researching path selection models with travel time

or traffic emissions as optimization objectives

Travel time

prediction

Segment level Jenelius and Koutsopoulos (2013),

Jiang et al. (2014a, b), Song et al.

(2013), Zhang et al. (2017), Zheng

and Van Zuylen (2013)

Employing theoretical analytical methods (such as

neural networks, Kalman filtering models, and

maximum likelihood models) or directly estimating

travel times in practical engineering applications

Intersections Gan et al. (2017), Liu et al. (2016),

Luo et al. (2019)

Estimating queue lengths at signalized intersections

and turning delays at signalized intersections

Path level Li et al. (2022a, b), Rahmani et al.

(2015), Qin and Yun (2018)

Using Bayesian methods with a particle filter

framework, convolutional neural networks, and long

short-term memory networks to extract

spatiotemporal traffic flow features for predicting

path-level travel times

Road network

level

Jiang et al. (2014a, b), Li et al.

(2022a, b)

Studying the input proportion and sampling

frequency of FCD based on the dynamic changes in

traffic flow characteristics of the road network
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weighted via a negative exponential function. Additionally,

Rahmani et al. (2017) proposed a fixed-point formula for the

joint problem of path travel time prediction and path

inference, simultaneously solving both problems.

4.4.6. Network-level travel time prediction

Predicting network-level travel times typically relies on his-

torical traffic data, real-time traffic information, road topol-

ogy, and other relevant factors. Various machine learning,

deep learning, and data mining techniques are utilized for

modeling. Traffic volume, occupancy, and segment travel

time parameters serve as inputs for road network travel time

prediction models (Jiang et al., 2014a, b; Li et al., 2022a, b).

Predicting network-level travel times requires consideration

of whether the data adequately captures the dynamic

characteristics of the road network. Dynamic factors such as

traffic volume and spatial environment on the roads evolve

over time and directly impact network travel times.

Selecting the appropriate proportion of floating cars and the

sampling frequency is also essential for capturing these

dynamic characteristics.

5. FCD data quality analysis

Based on the high-frequency FCD obtained from future large-

scale connected vehicles, the emphasis is on its application in

highway scenarios. This section utilizes the high-frequency

FCD from a logistics delivery truck of a freight company that

routinely travels on highways as a sample for data collection

in future large-scale connected vehicles. The characteristics of

high-frequency FCD are examined, and the aspects of sam-

pling proportion and sampling frequency are investigated.

5.1. Sampling proportion

Sampling proportion refers to the ratio of the number of

floating cars to the total traffic volume. Generally, a too small

proportion of floating cars can increase the impact of indi-

vidual randomness, thereby affecting the reliability of traffic

data; while a proportion that is too large can increase the

installation and maintenance costs of the system and the in-

formation processing load (An et al., 2021).

Previous research has extensively studied how to deter-

mine the optimal floating car sampling proportion. The com-

mon method used currently is to determine the number of

floating cars based on the confidence level of a particular

traffic characteristic, which can meet the needs of selecting an

appropriate number of floating cars for different research

purposes (Tu et al., 2006). Quiroga and Bullock (1998),

Srinivasan and Jovanis (1996), and Ygnace and Drane (2001)

analyzed the optimal floating car proportion based on the

accuracy of estimating average speeds on road segments,

the reliability of estimating travel times on road segments,

and floating car positioning technology, respectively.

Sunderrajan et al. (2016) suggested that at least 5%—10% of

floating cars are needed to achieve reliable traffic state

estimation. Houbraken et al. (2018) based on the

Netherlands' national floating car proportion of 6%—8%,

demonstrated that the collected FCD at this proportion could

serve as an alternative to loop detector data in dynamic

traffic management systems. Kerner et al. (2005) found that

a high-quality reconstruction of actual travel times in the

road network could be achieved when the penetration rate

of floating cars among all vehicles is 1.5%.

The methods mentioned above have limited consideration

for traffic characteristics. Determining the optimal floating car

proportion based on simulation experiments is more in line

with the characteristics of traffic systems and is also more

convenient and flexible (Cheu et al., 2010; Li et al., 2008; Lin

et al., 2008). Lin et al. (2008) used VISSIM simulation

experiments and their results showed that when the

penetration rate of floating cars was between 3% and 5%, the

accuracy could reach over 95%. Tang et al. (2014) also based

on VISSIM simulations, found that considering economic

costs, using a floating car proportion lower than 8% was

more reasonable, resulting in relatively small speed relative

errors. The variation of speed relative errors with the

floating car proportion in his study is shown in Fig. 9.

An et al. (2021) based on TransModeler simulations, found

that as the floating car proportion increased, the relative

speed errors of each road segment significantly decreased.

At higher floating car proportions, the errors gradually

tended to be the same, with a turning point in speed relative

errors at around 5%. Altintasi et al. (2022) proposed a

method to evaluate the proportion of commercial FCD (FCD)

by assessing the quality of floating car speed data by

comparing it with actual data. The results showed that

reliable speed values could be obtained when the floating

car proportion was above 15%. The recommended floating

car proportions by previous researchers are shown in Table

6. The range of floating car proportions is around 3%—8%,

with specific values determined through simulation

experiments based on actual traffic conditions and research

purposes.

Some scholars have proposed that integrating data can

reduce the data errors caused by the FCD proportion and have

studied the speed-relative errors of fused data from loop de-

tectors and floating cars (Ambühl and Menendez, 2016). They

found that even when fusing the two types of data with small

sampling proportions, significant estimation errors may still

occur, as shown in Fig. 10.

5.2. Sampling frequency

The way in which floating cars send data is known as the

sampling strategy, and there are at least three different stra-

tegies (Herrera, 2009; Mohan et al., 2008): time-based sampling

strategy, space-based sampling strategy, and event-based

sampling strategy. Time-based sampling strategy involves

frequent data transmission over time. The time interval

between two consecutive data packets is referred to as the

sampling interval. Space-based sampling involves sending

data to specific geographic locations that may be of interest

(Hoh et al., 2011). Lastly, in event-based or trigger-based

sampling, data is sent after a specific action is performed,

such as braking (detected by an accelerometer) or horn

honking (detected by a microphone).

This section only discusses the frequency of the time-

based sampling strategy. The sampling frequency of FCD
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refers to the duration between sending data back to the cen-

tral processing unit, as shown in the specific transmission

path in Fig. 11. The data transmission frequency depends on

the available bandwidth and energy consumption of the

underlying communication system. FCD can have low,

medium, and high sampling frequencies. Generally, a

sampling time interval greater than 30 s is considered low-

frequency sampling, less than 10 s is high-frequency

sampling, and between the two is medium-frequency

sampling (Chen et al., 2022; Houbraken et al., 2018). In large

and medium-sized cities in China, the average sampling

interval of actual FCD is typically around 30 s (Li et al., 2014).

Most of the literature within the scope of this study uses

medium to low-frequency FCD, with fixed sampling

intervals including 15, 30, 45 s, and 1 min. Some studies

involve dynamic sampling, with sampling frequencies

ranging from 20 s to 3 min.

The sampling frequency impacts data collection accuracy,

which further leads to error propagation. High sampling fre-

quency gathers data with precise spatiotemporal information

and extensive coverage of the road network, but they also

entail substantial increases in communication costs and data

processing volume. Conversely, low-frequency sampling data

may have significant information gaps and high uncertainty,

leading to larger errors when compared to actual operating

conditions. Research has found that the data sampling fre-

quency primarily affects vehicle speed and direction infor-

mation, with minimal impact on spatial position information

(Ranacher et al., 2016).

Due to privacy constraints in accessing FCD, most re-

searchers can only obtain low-frequency data aggregated

from raw data. For example, Google Maps GPS data is aggre-

gated every 5 min, and most taxi FCD is aggregated every 30 s

to 1 min (Fu and Liu, 2023). As the utilization of connected

vehicles continues to rise, acquiring high-frequency publicly

available FCD will no longer pose a challenge in the future.

In this context, researchers need to consider how to select

the sampling frequency for FCD collection. Zhang et al.

(2007) used Shannon’s sampling theorem to determine the

optimal sampling frequency on city roads as 10 s and on

highways as 20 s. Tang et al. (2014) found that for traffic

state estimation tasks, the optimal floating car sampling

frequency is every 10 s, as higher sampling frequencies do

not enhance the accuracy of traffic state estimation.

Currently, urban traffic information collection based on

floating cars typically uses equidistant sampling, which does

not optimize the sampling interval based on the differences in

geometric conditions and states of the road network. To

overcome the limitations of existing sampling algorithms, Cao

and Peng (2014) focused on the actual road network. They took

into account the topological relationships and geometric

characteristics of the road network and used the spectral

information of historical floating car speeds to dynamically

optimize the sampling interval based on the cutoff

frequency. This approach not only ensures data accuracy

but also reduces data volume.

The studies mentioned above indicate that the sampling

frequency has a significant impact on the accuracy of speed

and vehicle heading angle information. In studies involving

speed and heading angle, researchers need to consider the

Fig. 9 — Relative errors in speed for different floating car

proportions.

Table 6 — Recommended floating car proportions.

References Year Methods Recommended

proportions (%)

Evaluation criteria

Kerner et al. (2005) 2005 Optimal single-vehicle cost 1.5 Identify traffic events with the

least amount of FCD information.

Lin et al. (2008) 2008 VISSIM simulation Greater than 3 Exhibit relatively small errors in

travel time.

Tang et al. (2014) 2014 VISSIM simulation Less than 8 Demonstrate relatively small

errors in median speed.

Houbraken et al. (2018) 2018 Comparison with loop

detector data

6—8 At this proportion, it can serve as a

substitute for loop detector data.

An et al. (2021) 2021 TransModeler simulation 5—8 Show relatively small errors in

speed.
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sampling frequency. Previous research has suggested optimal

sampling frequencies of 10 s for city roads and 20 s for high-

ways. Additionally, dynamic optimization of the sampling

interval based on actual road conditions can be performed. For

research work that only involves the spatial position infor-

mation of floating cars, the sampling frequency of floating

cars may not be a primary concern. Currently, research

methods often assume that the raw data is high-frequency

sampling data with Gaussian noise (Kong et al., 2018),

however, these studies typically utilize medium to low-

frequency data, resulting in a discrepancy between the

methodologies and assumptions. Datasets with high

sampling frequency facilitate for retrieving of vehicle

information with higher temporal precision, enabling the

capture of high-precision vehicle travel trajectories (Wang

et al., 2024). High-frequency sampling, to some extent,

diminishes the workload of map matching and data

interpolation errors, enhances data certainty, and

contributes to the precise execution of tasks such as traffic

congestion and traffic accident prediction in intelligent

transportation systems (Cerqueira et al., 2018; Hofleitner

et al., 2012).

6. Challenges and opportunities

Although a single source of FCD can provide a wealth of traffic

information, its limitations cannot be ignored. To overcome

this limitation, a common practice is to integrate loop detector

data with FCD. However, from the perspective of data source

diversity, in addition to loop detectors, other traffic data

sources like ETC gantries, fixed cameras, etc., can be effec-

tively integrated using the highway milepost system.

Furthermore, environmental information such as weather

data, traffic accident data, and construction zone data can also

be fused based on the milepost system to achieve more ac-

curate traffic state analysis. Through multi-source data fusion

technology, not only can the sparsity and errors that may arise

from a single data source be reduced technically, but also in

practical terms, the perceptual capabilities of vehicles to-

wards their surroundings can be significantly enhanced. This

comprehensive understanding of road conditions provides

more solid data support for traffic management and decision-

making. Future research needs to further explore data feature

extraction techniques and fusion algorithm selection in the

integration of non-homogeneous data sources to enhance the

accuracy and efficiency of information fusion. Specifically,

spatial data fusion is achieved through a Markov model. The

fusion of temporal data and spatial data requires spatiotem-

poral tensor transformation. For example, Constrained tensor

fusion and unified tensor fusion (UTF) model. Additionally,

improving the fusion algorithm to enhance fusion perfor-

mance is crucial. The introduction of modern statistical the-

ory, random set theory, fuzzy set theory, rough set theory,

Bayesian theory, evidence theory, support vector machine,

and other intelligent computing technologies will present new

development opportunities for state estimation of nonlinear

non-Gaussian systems and heterogeneous data fusion.

High-frequency FCD, characterized by its high sampling

frequency, enables the collection of a large number of data

sampling points on the mainline curved sections of highways.

This feature provides the possibility to delve into the impact

mechanisms of road geometric indicators on traffic safety and

offers data support for the design and optimization of these

indicators. The study could focus on developing effective data

extraction and analysis methods to identify key indicators

closely related to highway geometry from high-frequency

FCD, such as curvature, slope, and road surface conditions,

among others. Furthermore, it could delve into how these

geometric indicators influence safety and comfort, and how

the design of appropriate geometric indicators can elevate the

design standards of highways. Moreover, the research scope

could extend to specific scenarios like highway interchanges,

construction zones, and tunnels, analyzing the uniqueness of

geometric indicators in these contexts and their influencing

factors. Through these studies, a more precise scientific basis

can be provided for the planning, design, and management of

highways, thereby enhancing road operational efficiency and

Fig. 10 — Relative error of 95% speed for multi-source data

fusion (Ambühl and Menendez, 2016).

Fig. 11 — FCD transfer path.
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safety, and ultimately offering drivers a more comfortable and

safer driving experience.

FCD provides direct speed information, supporting

research topics related to speed. However, it was found in this

study that nearly 80% of the FCD consists of urban taxi data,

predominantly small passenger cars, indicating a research

gap in the study of heavy trucks. Considering trucks as het-

erogeneous road users with distinct driving characteristics

from regular road users, and their tendency to cause more

severe traffic accidents, they should be a focal point for re-

searchers (Zhang et al., 2024a, b). Therefore, this study

proposes initiating a systematic investigation of heavy

trucks from a traffic safety perspective, including but not

limited to the following aspects. This includes analyzing

speed characteristics of heavy trucks in different road

sections and traffic conditions, as well as deciphering their

driving patterns and influencing factors. This involves

studying the interaction of heavy trucks with other vehicles

in traffic flow and analyzing their impact on overall traffic

conditions. Comparing the safety differences between heavy

trucks and small passenger cars, and exploring strategies for

traffic management tailored to the characteristics of heavy

trucks to enhance road safety. Through in-depth research on

FCD related to heavy trucks, it is anticipated that

comprehensive data support and decision-making

foundations can be provided for the field of traffic safety.

Establishing a lightweight model for rapid mining and

analysis of high spatiotemporal resolution FCD. Floating cars,

serving as mobile sensors on highways, provide enhanced

spatiotemporal resolution and real-time capabilities compared

to fixed sensors. There is a critical need for in-depth research

on expediting the mining and analysis of real-time data, and

designing lightweight real-time data processing algorithms or

systems to support real-time applications such as traffic man-

agement and intelligent navigation. Additionally, current

research utilizing FCD could explore the spatiotemporal char-

acteristics of the data. For example, exploring methods like the

CNN + LSTM approach, Transformer, and Graph Neural Net-

works (GNNs) can shed light on the efficacy of various deep

learning models in capturing spatiotemporal patterns, allowing

for a nuanced understanding of their strengths and limitations.

Proposing a system of evaluation metrics and optimization

methods for enhancing the quality of FCD. In the era of big

data, data-driven methods such as deep learning and rein-

forcement learning have gained prominence. However, the

optimization and improvement of these data-driven methods

also rely on continuous training with high-quality data. Data

quality serves as the fundamental factor influencing predic-

tion errors in deep learning models. For instance, a lower

sampling proportion and frequency of FCD result in dimin-

ished data quality, leading directly to inaccuracies in out-

comes such as speed and travel time. Exploring evaluation

metrics for FCD quality, including but not limited to data

completeness, accuracy, consistency, timeliness, etc., and

investigating how to comprehensively consider multiple

metrics to assess the quality of FCD. Future research should

study the impact of these quality metrics on prediction errors

in deep learning models and how optimizing data quality can

enhance model performance and generalization capabilities.

7. Conclusions

The paper provides a review of the research outcomes on FCD

in the transportation field from 2000 to 2023. It introduces the

data sources and analysis methods, analyzes the distribution of

literature by year, research areas, and institutions, discusses

research hotspots, and primarily reviews the research out-

comes of three major clustering groups: traffic flow state, traffic

safety, and route planning. It further analyzes the influencing

factors of FCD quality, and finally proposes five challenges and

opportunities that high-frequency FCD may face in highway

scenarios. The main research conclusions are as follows.

Research on FCD can be divided into three stages: initial

development stage, rapid development stage, and steady

development stage. China and the United States are the

leading countries in FCD research. Major research institutions

include Beijing Jiaotong University, Tongji University, Tsing-

hua University in China, Florida State University, and

University of California campuses in the United States. The

mainstream research focuses on machine learning and deep

learning methods, with research topics revolving around

traffic flow state and travel time prediction.

These research studies can be categorized into three types:

traffic flow state, traffic safety, and route planning. The pri-

mary issues include the neglect of data quality defects caused

by data sampling proportions and sampling frequencies, as

well as the problem of misalignment between data charac-

teristics and methodological assumptions. The review in-

dicates that the recommended range for sampling proportions

is 3%—8%. The sampling frequency significantly affects the

accuracy of speed and heading angle data, while exerting

minimal impact on positional parameters. The fusion of

multi-source heterogeneous data can improve the quality

deficiencies of individual FCD, and deep neural networks can

effectively capture the spatiotemporal characteristics of FCD.

The research is limited by the lack of quantitative studies

on sampling frequency and proportions. Future research

topics could include investigating methods for multi-source

heterogeneous information fusion based on the highway

milepost system, analyzing the impact mechanisms of high-

frequency FCD on highway alignment indicators, developing

continuous operating speed prediction models for heavy

trucks in interchange scenarios, establishing lightweight

models for efficient mining and analysis of high spatiotem-

poral resolution FCD, and proposing an a system of evaluation

metrics and corresponding optimization methods for

enhancing FCD quality.
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