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Abstract

Floating Car Data (FCD) are increasingly used to analyse mobility patterns and support
transport-system management, but the evidence remains fragmented across heterogeneous
applications, sensing technologies, and data-processing methods, particularly regarding
road-infrastructure monitoring. This study presents a systematic literature review and
structured evidence map of FCD research published between 2010 and 2025. Following
PRISMA methodology, Scopus and Google Scholar were searched using the exact expres-
sion “floating car data”. The search retrieved 2127 records; after bibliographic harmoni-
sation, duplicate removal, title-and-abstract screening, full-text retrieval, and eligibility
assessment, 165 publications were included. The studies were classified through a top-
down framework covering application domain, sensing technology, processing approach,
validation method, geographical region, deployment scale, and integration with Pavement
Management Systems (PMSs). Traffic-state estimation and mobility-planning applications
covered 100 publications (60.6%), whereas infrastructure monitoring was the primary do-
main in 20 studies (12.1%). GPS or GNSS data were used in 128 publications (77.6%), while
accelerometers, gyroscopes, or inertial measurement units were reported in 29 studies
(17.6%). Only 15 publications (9.1%) described operational or real-time deployment, and
explicit PMS-oriented integration was identified in only 9 studies (5.5%). The findings show
that FCD research is methodologically mature for traffic and mobility applications but re-
mains comparatively fragmented for pavement-condition assessment. The review therefore
proposes an operational pathway linking accelerometric data acquisition, preprocessing,
normalization, fleet-level aggregation, validation, data fusion, and PMS decision-making.
These results highlight that the principal research gap concerns not sensor availability, but
the development of standardized, transferable, and operationally validated frameworks
for network-wide pavement monitoring.

Keywords: floating car data; pavement management systems; road condition monitoring;
accelerometric data; data fusion; intelligent transportation systems

1. Introduction
Floating Car Data (FCD) have become an essential source of information for un-

derstanding mobility dynamics and supporting the management of transport systems.
Typically collected through GPS-enabled onboard devices, FCD provide temporally dense
vehicle trajectories that enable high-resolution analyses of traffic behavior. Compared to
traditional static sensors, such as loop detectors or fixed cameras, FCD offer wider spatial
coverage, higher temporal flexibility, and lower implementation and maintenance costs,
which have favored their widespread adoption in large-scale applications. Within Intelli-
gent Transportation System (ITS) architectures, they are increasingly framed as integrated
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data sources enabled by positioning, communication, and processing technologies, and are
extensively used in real-time traffic modeling, congestion prediction, travel-time estima-
tion, and route optimization [1,2]. Recent advances in Internet of Things (IoT) connectivity,
sensor miniaturization, and artificial intelligence-driven analytics are further amplifying
the role of FCD as a versatile and scalable component of modern ITS [1,2].

Survey-oriented contributions and existing reviews primarily describe FCD as a
technology-driven source for traffic monitoring and mobility management, with particular
emphasis on positioning systems, communication infrastructures, and traffic-flow indica-
tors. As a result, the spectrum of FCD applications, especially those related to infrastructure
monitoring, has received comparatively less systematic attention. Although several studies
have explored the potential of onboard sensors, including accelerometers, to detect surface
irregularities and pavement distress, their use remains highly heterogeneous across the lit-
erature: different sensing setups, processing techniques, and data-fusion strategies coexist,
often without standardized validation procedures. Consequently, the integration of such
signals into operational Pavement Management Systems (PMSs) remains insufficiently
documented and only partially understood.

Addressing this gap is relevant both theoretically and practically. From a theoretical
perspective, leveraging FCD (in particular accelerometric signals) for infrastructure as-
sessment shifts the paradigm from purely traffic-oriented indicators toward a physically
grounded interpretation of vehicle–road interaction, enabling connections between mi-
croscale dynamic responses and network-level pavement performance. From a practical
perspective, a more systematic exploitation of FCD for road condition monitoring could
support the transition from episodic, inspection-based maintenance to continuous, data-
driven diagnostics, with implications for maintenance prioritization, resource allocation,
and predictive intervention planning.

The paper synthesizes methodological trends, identifies limitations and operational
challenges, and highlights research directions that may support the development of scalable
and integrated pavement management solutions.

Unlike previous reviews that primarily adopt traffic-oriented [3] or technology-
centered perspectives [1], this study proposes a top-down analytical framework explicitly
connecting FCD applications, sensing technologies, and data processing methodologies,
with particular emphasis on the underexplored role of accelerometric FCD for scalable
pavement monitoring.

Following this introduction, Section 2 describes the adopted methodology, including
the search strategy and analytical framework. Section 3 presents the results of the sys-
tematic review, offering a descriptive overview of the selected studies and the proposed
classification scheme. Section 4 discusses the implications of the findings and outlines
future research perspectives. Finally, Section 5 concludes the survey.

2. Materials and Methods
2.1. Review Design and Reporting Framework

This study adopted a systematic literature review with a structured evidence-mapping
component to examine the use of Floating Car Data (FCD) across transportation research.
The review considered a broad range of application domains, including traffic monitoring,
mobility analysis, transport planning, logistics, road safety, environmental assessment, and
road-infrastructure monitoring. Within this general perspective, specific attention was de-
voted to the comparatively underexplored use of vehicle-derived inertial and accelerometric
data for pavement-condition assessment.

The review was conducted and reported in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses statement (PRISMA) [4]. Reporting
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of the search strategy was additionally informed by the PRISMA-S recommendations.
Comparable systematic-review approaches have previously been applied in transportation
research [5–7].

The conceptual scope, eligibility criteria, search strategy, screening framework, and
analytical dimensions were defined before substantive screening. No predetermined target
number of publications, thematic quota, or desired proportion of studies was established.
Consequently, the final composition of the review corpus resulted exclusively from the
consistent application of the predefined eligibility criteria.

2.2. Operational Definition and Scope of Floating Car Data

For the purposes of this review, core FCD were defined as georeferenced observations
generated by moving motor vehicles and containing, at minimum, spatial position and
time information, together with speed, direction, trajectory, or related mobility attributes
where available.

Enriched FCD were defined as core FCD combined with measurements obtained from
onboard vehicle systems or devices, including Controller Area Network (CAN), On-Board
Diagnostics (OBD), telematics units, odometers, inertial measurement units, accelerometers,
gyroscopes, event-data recorders, and black-box systems. Vehicle-borne complementary
sensing was also considered within the extended FCD scope when georeferenced mea-
surements were acquired during vehicle operation and could be associated with a vehicle
trajectory or travelled road segment. This category included observations collected through
smartphones, onboard cameras, and other mobile sensing devices installed in or carried by
circulating vehicles.

This extended definition was adopted to reflect the evolution of FCD from conven-
tional positioning-based trajectories towards heterogeneous and sensor-enriched vehicle
data. Nevertheless, a clear distinction was maintained between observations generated by
moving vehicles and data collected exclusively through external sensing systems.

Fixed roadside detectors, stationary cameras, inductive loops, radar systems, mobile-
network data, satellite or aerial imagery, Unmanned Aerial Vehicle data, and infrared
thermography were therefore not independently classified as FCD sources. Studies employ-
ing these technologies remained eligible when external observations were integrated with,
used to validate, or used to benchmark vehicle-derived data. Conversely, studies relying
exclusively on fixed, aerial, remote, or otherwise external sensing systems were excluded
from the primary review corpus.

This review does not aim to provide an exhaustive synthesis of the broader vehicle-
borne sensing literature. Its systematic evidence base is limited to publications explicitly
positioned by their authors within the FCD domain and retrieved through the predefined
exact-phrase search.

2.3. Information Sources and Search Strategy

The systematic search was conducted using two complementary bibliographic sources:
Scopus and Google Scholar. Scopus was selected as the principal structured database be-
cause of its broad coverage of peer-reviewed literature in transportation, engineering, com-
puter science, data science, and infrastructure management. Google Scholar was searched
through Harzing’s Publish or Perish to complement the structured database and identify
scholarly publications that might not be consistently indexed in Scopus.

The searches were last conducted and exported on 3 January 2026. The review covered
publications issued between 1 January 2010 and 31 December 2025. The lower temporal
boundary was established before the formal search following a preliminary scoping analy-
sis, which showed a marked increase in publications explicitly referring to Floating Car
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Data from approximately 2010 onwards. Publications issued in 2026 were excluded to
avoid analysing an incomplete publication year and to ensure that all annual observations
referred to complete publication periods.

A deliberately specific search strategy was adopted. The exact expression searched in
both bibliographic sources was “floating car data”. In Scopus, the query was implemented
as TITLE-ABS-KEY (“floating car data”), thereby searching the expression in titles, abstracts,
and indexed keywords. Publication-year, language, and document-type filters were applied
directly within the Scopus interface. Disciplinary relevance and metadata consistency were
subsequently verified at record level after export.

Google Scholar was searched through the general search function of Harzing’s Publish
or Perish using the same exact expression, the publication-year interval 2010–2025, and a
maximum return of 1000 records. The search returned 966 records and therefore did not
reach the configured maximum-result threshold.

The acronym “FCD” was not searched independently because it is used in several
unrelated scientific domains and would have substantially reduced search specificity.
Broader or adjacent expressions, including “probe vehicle data”, “connected vehicle data”,
“smartphone sensing”, “accelerometer”, “black box”, “pavement monitoring”, and “road-
condition monitoring”, were likewise not incorporated into the formal search string. This
decision produced a clearly bounded and reproducible corpus of publications explicitly
positioned by their authors within the FCD literature. Consequently, adjacent vehicle-
borne sensing studies not explicitly associated with the FCD terminology were outside the
systematic evidence base and were used only for contextual comparison where relevant.

Publications identified outside the two predefined searches were used only for con-
ceptual background or methodological comparison. These publications were identified
during the preliminary scoping phase, through reference-list checking of eligible studies,
and through targeted reading on specific conceptual or methodological issues that emerged
during manuscript development. They were not included in the study-selection counts,
quantitative mapping, classification frequencies, or evidence synthesis. The systematic
evidence base was therefore defined exclusively by the Scopus and Google Scholar searches.

Table 1 summarises the bibliographic sources and search strategy.

Table 1. Bibliographic sources and search strategy.

Source Search
Environment Field Searched Exact Query Temporal Coverage

and Limits
Final Search

Date
Records

Retrieved

Scopus Scopus web
interface

Title, abstract,
and indexed
keywords

TITLE-ABS-
KEY (“floating
car data”)

2010–2025; database
filters applied directly
and eligibility
rechecked at
record level

3 January 2026 1161

Google
Scholar

Harzing’s Publish
or Perish, general
search

General
scholarly search

“floating car
data”

2010–2025; maximum
return set to
1000 records

3 January 2026 966

The two sources were searched using the same exact phrase and temporal coverage to ensure consistency across
databases. Scopus provided the structured bibliographic component of the search, while Google Scholar was used
as a complementary source to broaden coverage beyond records consistently indexed in Scopus.

2.4. Bibliographic Data Harmonisation, Duplicate Removal, and Preliminary Eligibility

The two bibliographic exports were merged into a single review database. Original
source information, source-specific identifiers, and unmodified bibliographic fields were
retained to preserve provenance and enable reconstruction of the identification process.

Before duplicate detection, the bibliographic fields were harmonised to reduce non-
substantive differences between database records. Textual information was converted to a
consistent character representation; leading, trailing, and repeated spaces were removed;
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letter case was standardised; and differences in punctuation, quotation marks, dash vari-
ants, and special characters were normalised. Digital Object Identifiers were converted to
lowercase and stripped of URL prefixes and extraneous characters. Titles were separately
normalised for matching purposes, while their original forms were retained for reporting
and manual verification.

Duplicate identification followed a hierarchical framework. Records were first
matched using exact DOI correspondence. Duplicate identification followed the hierar-
chical framework summarised in Table 2. Records without a DOI, or with incomplete
DOI information, were subsequently compared through exact normalised-title matching.
Remaining potential duplicates were identified using combinations of title similarity, author
information, publication year, source title, volume, issue, and page information.

Table 2. Hierarchical framework for bibliographic harmonisation and duplicate identification.

Priority Matching or Adjudication
Criterion Normalisation or Evidence Used Decision Procedure

1 Exact DOI correspondence
DOIs converted to lowercase and
stripped of URL prefixes, spaces,
and extraneous characters.

Records grouped as candidate duplicates;
bibliographic consistency verified before
consolidation.

2 Exact normalised title
correspondence

Case, punctuation, repeated
spaces, dash variants, quotation
marks, and non-substantive
special characters normalised.

Applied when DOI was missing, incomplete,
or inconsistent; matching records verified
before consolidation.

3 High title similarity combined
with author and year

Title similarity assessed jointly
with first author, co-author
pattern, and publication year.

Candidate pairs manually inspected; no
record removed solely on approximate
similarity.

4 Extended bibliographic
correspondence

Source title, volume, issue, page
range, publisher, and document
type compared.

Used to distinguish database duplicates from
genuinely distinct but bibliographically
similar publications.

5 Conference–journal relationship
assessment

Dataset, study area, method,
experiment, and reported findings
compared across related reports.

Reports retained separately when the later
publication added relevant data, methods,
validation, or findings; otherwise
consolidated at report level.

6 Master-record selection and
provenance retention

Completeness of DOI, abstract,
keywords, source information,
and other metadata assessed.

The most complete record retained as master;
all contributing source identifiers and
duplicate-group assignments preserved.

Duplicate identification combined exact bibliographic matching with progressively broader record-level com-
parison. Approximate similarity was used only to identify candidate pairs, while final consolidation required
verification of bibliographic correspondence and substantive overlap between the publications.

Approximate bibliographic similarity was used only to identify candidate duplicate
pairs and did not result in automatic removal. Candidate matches were inspected individu-
ally to determine whether they represented duplicate database entries, related conference
and journal publications, extended versions of previous studies, or genuinely distinct con-
tributions. When duplicate records were confirmed, one master record was retained, with
preference given to the version containing the most complete bibliographic information.
The provenance of all contributing database records was nevertheless preserved.

Publications with similar titles were retained separately when they reported different
datasets, geographical settings, methodological developments, experiments, or substantive
findings. Through this procedure, 566 duplicate records were removed from the 2127 re-
trieved references, resulting in a deduplicated database of 1561 unique records.

The deduplicated records were then evaluated against predefined bibliographic el-
igibility criteria concerning publication period, language, publication type, disciplinary
relevance, and availability of sufficient identifying information. Eligible publications were
required to have been published between 2010 and 2025, to be written in English, and to be
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available as journal articles or individual conference papers reporting an original empirical,
computational, experimental, modelling, or methodological contribution.

Reviews, systematic reviews, conference reviews, editorials, notes, books, book chap-
ters, theses, dissertations, reports, patents, complete conference proceedings, and other
non-original publication types were excluded from the primary corpus. Review articles
could nevertheless be used to contextualise the results, compare classifications, and discuss
previous syntheses, without being counted among the included original studies. During
the preliminary scoping phase, review-type publications were also inspected to verify the
existence and scope of previous syntheses on FCD and to refine the positioning of the
present review; however, they were not treated as eligible original studies and were not
included in any quantitative analysis.

When publication year, language, disciplinary classification, or document type was
missing or inconsistent, the relevant information was verified using DOI metadata, pub-
lisher websites, journal or conference webpages, and other available bibliographic evidence.
Records were not excluded solely because an abstract was unavailable. When the title
and the remaining metadata indicated potential relevance, the record was conservatively
retained for additional assessment.

Following duplicate removal and application of the preliminary bibliographic eligi-
bility criteria, 1183 records entered title-and-abstract screening. The sequential number of
records removed at each stage is reported in Figure 1 and in Section 3.1.

Figure 1. PRISMA flow diagram illustrating the identification, screening, full-text eligibility assess-
ment, and inclusion of studies in the review.

The bibliographic and substantive eligibility criteria are summarised in Table 3.
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Table 3. Eligibility criteria applied before and during substantive screening.

Dimension Inclusion Criterion Exclusion Criterion Treatment of Ambiguity

Publication period
Publication issued between 1
January 2010 and 31 December
2025.

Publication issued before 2010
or after 2025.

Inconsistent or missing year
verified through DOI, publisher,
journal, or conference metadata.

Language Full publication written
in English.

Publication written in a
language other than English.

Language verified from the full
record or report when database
metadata were incomplete.

Publication type
Journal article or individual
conference paper indexed as
such in the bibliographic source.

Review, systematic review,
conference review, editorial,
note, book, book chapter,
thesis, dissertation, report,
patent, complete proceedings,
or other non-original type.

Ambiguous types verified using
the publisher record and
document structure.

Original contribution

Identifiable empirical,
computational, experimental,
modelling, or methodological
contribution.

No identifiable original
analysis, method, dataset,
experiment, simulation,
validation, or case study.

Unclear cases retained for
manual or full-text assessment.

Disciplinary and
application scope

Transportation, mobility, motor
vehicles, road networks, traffic,
logistics, safety, environmental
transport analysis, or transport
infrastructure.

Study clearly outside the
transportation and
road-infrastructure domain.

Multidisciplinary studies
retained when the
transportation component was
substantive.

Role of FCD

FCD used as an analytical input,
data source, validation or
benchmarking source, or central
methodological object.

FCD mentioned only in the
introduction, background,
related work, discussion of
possible technologies, or
future research.

Ambiguous analytical use
assessed from the full abstract
and, where necessary, the
full text.

Data-source configuration

Core, enriched, or extended
vehicle-derived FCD;
mixed-source studies with a
substantive vehicle-derived
component.

Exclusive reliance on fixed,
aerial, satellite, remote, or
external sensing without
vehicle-derived observations.

External data accepted when
integrated with or used to
validate vehicle-derived FCD.

Mobility mode
Motor-vehicle-derived
observations present and
analytically relevant.

Exclusively pedestrian,
cycling, micromobility, or
wheelchair data without a
motor-vehicle component.

Mixed-mode studies retained
when motor-vehicle FCD
contributed substantively.

The eligibility criteria were applied consistently across bibliographic screening, title-and-abstract assessment,
and full-text evaluation. When the available evidence was insufficient to support either inclusion or exclusion,
records were retained for further assessment rather than excluded, thereby prioritising sensitivity and reducing
the risk of false-negative decisions. Missing abstracts did not constitute an exclusion criterion; potentially relevant
records were retained for manual or full-text assessment, whereas reports that could not be retrieved were
recorded separately.

2.5. Deterministic Rule-Based Screening Framework with Manual Adjudication

Title-and-abstract screening was conducted through a deterministic rule-based frame-
work developed to support the consistent and traceable application of the eligibility criteria
across the bibliographic corpus.

The framework considered the title, abstract, author keywords, indexed keywords,
source title, and document-type information available for each record. Before application of
the decision rules, the textual fields were normalised to reduce lexical variation unrelated
to substantive meaning. Text was converted to lowercase, repeated spaces were removed,
typographical dash variants were harmonised, and punctuation, hyphens, slashes, under-
scores, and other non-alphanumeric characters were standardised. Multi-word expressions
were assessed as normalised contiguous sequences, and matching was performed without
regard to character case. Where lexical roots were required, terminal wildcard logic was
used to capture morphological variants without substantially broadening the meaning of
the searched terms.
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The framework did not employ numerical relevance scores, probabilistic classification,
machine learning ranking, random sampling, thematic quotas, or a predetermined number
of publications to be retained. Instead, each record was evaluated against explicit Boolean
conditions derived from the substantive inclusion and exclusion criteria and assigned to
one of three outcomes: exclusion, potential eligibility, or uncertainty.

A record was classified as excluded only when the available metadata provided
sufficiently clear evidence of ineligibility. This occurred when the publication was a review
or another non-original contribution; when the study fell outside transportation, mobility,
motor-vehicle, road-network, or transport-infrastructure research; when Floating Car Data
were mentioned only as background, related work, or a hypothetical future source; when
the study relied exclusively on fixed, aerial, remote, or external sensing without a vehicle-
derived component; when the research concerned only pedestrian, cycling, micromobility,
or wheelchair data without an analytically relevant motor-vehicle component; or when no
identifiable original empirical or methodological contribution was present.

Mixed-source configurations were not excluded when vehicle-derived observations
constituted a substantive component of the analytical input.

Potential eligibility was established when the metadata simultaneously indicated
that the publication addressed FCD, as operationally defined in Section 2.2, within a
transportation or road-infrastructure context; presented an identifiable original empirical
or methodological contribution; and either treated FCD as an explicit central object of the
study or used them substantively within the analytical procedure.

The complete exclusion, eligibility, and uncertainty logic are reported in Table 4.

Table 4. Formal screening outcomes and deterministic Boolean decision logic.

Screening Outcome Formal Logical Condition Operational Interpretation Subsequent Action

Exclusion

NON_ORIGINAL_PUBLICATION OR
OUTSIDE_TRANSPORT_SCOPE OR
BACKGROUND_MENTION_ONLY OR
EXTERNAL_SENSING_ONLY OR
NON_MOTORISED_ONLY OR
NO_ORIGINAL_CONTRIBUTION

At least one strong exclusion
condition was clearly supported
by the available metadata or
verified evidence.

Exclude after targeted manual
verification whenever contextual
interpretation was required;
assign one primary exclusion
reason.

Potential eligibility

POSITIVE_FCD_SCOPE AND
ORIGINAL_CONTRIBUTION AND
(EXPLICIT_FCD_CENTRALITY OR
ACTUAL_ANALYTICAL_USE)

The record concerned FCD within
the defined transportation scope,
reported an original contribution,
and demonstrated either explicit
centrality or substantive
analytical use.

Retain for full-text retrieval and
substantive eligibility assessment.

Uncertainty
NO STRONG EXCLUSION CONDITION
SATISFIED AND POSITIVE ELIGIBILITY
NOT ESTABLISHED

No strong exclusion condition
was established, but the available
title and abstract did not support
eligibility with sufficient
confidence.

Retain for manual reassessment; if
ambiguity persisted, advance to
full-text assessment rather
than exclude.

The decision framework distinguished between records that clearly met a strong exclusion condition, records for
which positive eligibility was supported, and records requiring additional assessment. The uncertainty category
functioned as a conservative safeguard and did not constitute an intermediate relevance score.

Explicit FCD centrality was inferred when the relevant terminology occurred in the
title or keywords in a manner consistent with the defined scope. Actual analytical use
was assessed by determining whether FCD-related expressions occurred in a context
describing data acquisition, collection, recording, preprocessing, analysis, integration,
estimation, modelling, prediction, calibration, comparison, or validation. Evidence of an
original contribution was identified through contextual information indicating the proposal,
development, implementation, application, testing, evaluation, or validation of a method,
model, dataset, experiment, simulation, or case study. The operational definitions, the
lexical evidence associated with each condition, and the corresponding text-matching rules
are summarised in Table 5.
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Table 5. Operational definitions, semantic evidence, and text-matching rules used in title-and-
abstract screening.

Condition or Rule Operational Lexical Evidence
or Pattern Contextual Requirement Decision Function

POSITIVE_
FCD_SCOPE

floating car data; floating-car data;
vehicle trajectories or observations
explicitly described as FCD

Evidence required in title, abstract,
author keywords, or indexed
keywords and interpreted within
a transportation context.

Activates positive scope only
when the meaning is consistent
with the operational definition
in Section 2.2.

TRANSPORT_CONTEXT

traffic; transport *; road *; street *;
highway *; motorway *; vehicle *;
mobility; network *; route *; trip *;
trajectory *; freight; logistics;
pavement *; infrastructure

Term or equivalent contextual
evidence required in the same
record as FCD evidence.

Supports
POSITIVE_FCD_SCOPE and
prevents inclusion of records
outside the intended domain.

VEHICLE_DERIVED
_EVIDENCE

GPS; GNSS; probe vehicle; taxi; car;
fleet; onboard; in-vehicle; CAN; OBD;
telematics; odometer; accelerometer;
gyroscope; IMU; inertial; black box;
smartphone; vehicle-mounted
camera

Smartphone and camera evidence
accepted only when collection
occurred during vehicle operation
and was georeferenced or
associated with a travelled
road segment.

Distinguishes vehicle-derived
observations from exclusively
external sensing.

EXPLICIT_FCD_CENTRALITY
FCD terminology in the title or
keywords; study objective explicitly
framed around FCD

Occurrence evaluated together
with the stated objective rather
than by keyword presence alone.

Satisfies one branch of the
positive-eligibility condition.

ACTUAL_ANALYTICAL_USE

collect *; acquire *; record *; obtain *;
process *; analy *; integrate *; fuse *;
estimate *; model *; predict *;
reconstruct *; calibrate *; compare *;
validate *; classify*; detect *;
map-match *

FCD evidence required in the
same sentence or within the two
immediately adjacent sentences
describing the analytical action.

Satisfies one branch of the
positive-eligibility condition
and excludes merely incidental
mentions.

ORIGINAL_CONTRIBUTION

propos *; develop *; implement *;
apply *; test *; evaluat *; validat *;
experiment *; simulation; case study;
method; model; algorithm;
framework; dataset

Evidence interpreted contextually
to confirm an original empirical or
methodological contribution
rather than a literature summary.

Required for potential
eligibility.

BACKGROUND_MENTION
_ONLY

background discussion; related work;
literature overview; possible
application; future work; technology
mentioned without data use

Absence of acquisition,
processing, modelling, validation,
or other substantive analytical
relation to FCD.

Strong exclusion when clearly
demonstrated.

EXTERNAL_SENSING_ONLY

fixed detector; inductive loop;
roadside radar; stationary camera;
mobile-network data; satellite; aerial
imagery; UAV; infrared
thermography

Condition activated only when no
substantive vehicle-derived
observation was present.

Strong exclusion; mixed-source
configurations retained.

NON_MOTORISED_ONLY pedestrian; walking; bicycle; cycling;
e-scooter; micromobility; wheelchair

Condition activated only when
the study lacked an analytically
relevant motor-vehicle
component.

Strong exclusion; mixed-mode
studies retained when
motor-vehicle FCD were used.

NON_ORIGINAL
_PUBLICATION

review; systematic review; survey
article; editorial; commentary; book;
chapter; thesis; report; patent;
complete proceedings

Document-type evidence verified
from bibliographic metadata and,
where needed, the report itself.

Strong exclusion from the
primary corpus; may remain
usable as background literature.

TEXT NORMALISATION

lowercasing; removal of repeated
whitespace; harmonisation of dash
variants; standardisation of
punctuation, hyphens, slashes,
underscores, and non-alphanumeric
characters

Applied before lexical matching
while original text was retained
for audit and manual review.

Reduces non-substantive
variation without changing
semantic content.

MATCHING UNIT AND
WILDCARDS

normalised contiguous multi-word
sequences; terminal wildcard
indicated by an asterisk

Wildcards matched zero or more
terminal alphanumeric characters;
no unrestricted fuzzy semantic
classification was used.

Captures morphological
variants while preserving
deterministic and reproducible
matching.

OUTSIDE_TRANSPORT
_SCOPE

Clear evidence that the publication
concerned a non-transport
disciplinary or application domain,
without a substantive vehicle,
mobility, road-network, or
transport-infrastructure component.

Activated only when the
incompatible context was explicit
and no relevant transportation
component could be established.

Strong exclusion condition.

The listed expressions represent the operational semantic categories used to support deterministic screening.
Their activation was interpreted contextually rather than through isolated keyword occurrence, and the complete
screening decision always depended on the combined evidence available within each bibliographic record.
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The mere occurrence of the expression “floating car data” was not sufficient to establish
eligibility. The available metadata had to demonstrate that the data performed a substantive
analytical or methodological role in the study.

Records that did not meet a strong exclusion condition but for which positive eligibil-
ity could not be established with sufficient confidence were classified as uncertain. This
category was deliberately used to minimise false-negative exclusions. In particular, records
were not excluded because the abstract failed to report in detail the sensing configuration,
sample characteristics, processing pipeline, validation approach, results, or operational im-
plications. All uncertain records were retained for manual reassessment, and publications
for which ambiguity persisted were advanced to full-text assessment rather than excluded.

2.6. Manual Adjudication and Decision Traceability

The deterministic framework was used to improve consistency and auditability but
did not replace scientific judgement. Records activating exclusion conditions that required
contextual interpretation were manually verified before a final decision was made. Manual
reassessment was particularly important when the publication combined vehicle-derived
and external data sources, when the abstract provided incomplete information regarding the
actual role of FCD, when the distinction between an original study and a review-type contri-
bution was unclear, or when related publications appeared to report overlapping research.

All records initially classified as uncertain were manually reassessed using the same
substantive eligibility criteria applied throughout the review. Where title-and-abstract
evidence remained inconclusive, the record was retained for full-text evaluation.

For each publication, the review database preserved the screening outcome, the acti-
vated inclusion or exclusion conditions, the expressions or contextual evidence supporting
the decision, the principal exclusion reason where applicable, the result of manual adjudica-
tion, and any issue requiring verification at full-text level. This record-level documentation
established an audit trail through which each screening decision could be reconstructed.

2.7. Full-Text Retrieval and Eligibility Assessment

The full texts of publications retained after title-and-abstract screening were sought
through DOI links, publisher websites, Google Scholar, institutional repositories, subject
repositories, and other legally accessible scholarly sources.

Reports that could not be obtained after these retrieval attempts were classified as
reports not retrieved. They were not counted as relevance-based exclusions because their
substantive eligibility could not be assessed.

Available full texts were evaluated against the same conceptual scope used during
title-and-abstract screening, with particular attention to the actual role of FCD in the re-
ported analysis. A publication was considered eligible when it employed core, enriched,
or extended vehicle-derived FCD as an analytical input or central methodological object;
addressed a transportation, mobility, logistics, safety, environmental, road-network, or
infrastructure-related application; presented an identifiable original empirical or method-
ological contribution; and provided sufficient methodological information to establish its
relevance to the objectives of the review.

Full-text exclusions were assigned when FCD were mentioned only as background
or related work; when the data source fell outside the adopted operational definition and
no relevant vehicle-derived component was present; when the transportation application
was outside the review scope; when no identifiable original empirical or methodological
contribution could be established; when the publication type was ineligible; or when the
report substantially duplicated another eligible publication without providing additional
data, methods, validation, or findings.
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When more than one exclusion condition applied, a single primary reason was as-
signed according to the criterion that most directly rendered the report ineligible. This
approach prevented double counting in the PRISMA flow diagram and ensured that the re-
ported reasons remained mutually interpretable. For reporting and audit purposes, full-text
exclusions were classified into eight mutually exclusive primary categories: FCD mentioned
only as background or related work; exclusive reliance on external or non-vehicle-derived
sensing; application outside the transportation or road-infrastructure scope; absence of an
identifiable original empirical or methodological contribution; ineligible publication type;
substantial overlap with another eligible report without complementary evidence; non-
English full text; and exclusive analysis of non-motorised mobility without an analytically
relevant motor-vehicle component.

Conference and journal publications addressing related research were not automati-
cally treated as duplicates. They were compared with respect to the underlying dataset,
study area, methodological procedure, experimental design, and reported results. Reports
were consolidated only when they described substantially the same underlying study.
In such cases, the most complete and methodologically informative publication was re-
tained as the primary report, while companion publications were considered when they
contributed additional or complementary evidence.

2.8. Data Extraction and Analytical Classification Framework

A structured data-extraction framework was applied to all eligible publications. As de-
tailed in Table 6, the extracted variables covered bibliographic and contextual characteristics,
FCD configuration, vehicle and sample characteristics, sensing and acquisition, operating
conditions, preprocessing, analytical methods, validation and benchmarking, reported
outcomes, deployment scale, transferability, infrastructure relevance, and study limitations.

Table 6. Data-extraction and analytical classification framework.

Analytical Dimension Variables Extracted Coding Rule Purpose in the Synthesis

Bibliographic
characteristics

Authors; title; publication year;
source; DOI; publication type;
database provenance.

Single value per report, except
database provenance, which
may be multiple.

Descriptive mapping and
record traceability.

Study context
Country; city or region; network type;
road class; urban, rural, highway, or
mixed context.

Multiple geographical or
network settings permitted.

Assessment of geographical
coverage and operational
context.

Research objective
and application

Main objective; traffic state; travel
time; mobility planning; logistics;
safety; environmental assessment;
infrastructure monitoring; other
transport application.

One primary application
assigned according to the
dominant stated objective;
secondary applications
recorded where relevant.

Top-down classification by
application domain.

FCD configuration

Terminology used; data provider;
commercial, public, research, or
proprietary source; core, enriched, or
extended FCD.

Multiple source
configurations permitted.

Characterisation of the
evidence base and
data-access models.

Vehicle and sample
characteristics

Vehicle type; fleet composition;
number of vehicles; trajectories; trips;
observations; road segments;
observation period.

Values retained as reported;
missing information
coded explicitly.

Assessment of scale,
representativeness, and
reproducibility.

Sensing and acquisition

GPS/GNSS; CAN; OBD; telematics;
odometer; accelerometer; gyroscope;
IMU; smartphone; black box; camera;
complementary fixed or
external sensors.

Non-mutually exclusive
multiple coding.

Classification by sensing
technology and
identification of
multi-sensor configurations.
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Table 6. Cont.

Analytical Dimension Variables Extracted Coding Rule Purpose in the Synthesis

Resolution and
operating conditions

Sampling frequency; spatial
resolution; speed; sensor placement;
vehicle characteristics; weather or
road conditions where relevant.

Multiple operating conditions
recorded; not applicable
allowed.

Assessment of
comparability, signal quality,
and transferability.

Preprocessing

Cleaning; filtering; outlier removal;
interpolation; resampling;
synchronisation; map matching;
trajectory segmentation;
normalisation; aggregation.

Non-mutually exclusive
multiple coding.

Reconstruction of the
analytical pipeline.

Analytical methods

Statistical inference; traffic modelling;
time-series analysis; clustering;
spatial analysis; signal processing;
machine learning; deep learning;
computer vision; data fusion.

Non-mutually exclusive
multiple coding, with
dominant approach identified
where appropriate.

Classification by
data-processing approach.

Validation and
benchmarking

Reference sensors; profiler or
pavement survey; loop detectors;
ground truth; benchmark datasets;
cross-validation; independent,
cross-site, or real-world validation.

Multiple validation types
permitted; absence
recorded explicitly.

Assessment of evidential
strength and
methodological maturity.

Outcomes and
performance

Reported indicators; errors; accuracy;
precision; recall; correlation;
robustness; uncertainty; principal
findings.

Metrics retained in their
original form; no forced
conversion across
incompatible measures.

Narrative comparison and
identification of recurrent
findings.

Deployment and
transferability

Experimental or operational status;
spatial and temporal scale; real-time
capability; reproducibility; scalability;
transferability across vehicles or sites.

Ordinal or narrative coding
based on reported evidence.

Assessment of operational
maturity.

Infrastructure relevance

Road roughness; surface anomaly;
pothole; crack; distress; ride quality;
IRI or proxy; maintenance planning;
PMS integration.

Multiple infrastructure
codes permitted.

Focused analysis of the
underexplored
pavement-monitoring
dimension.

Limitations and
research gaps

Author-reported limitations;
calibration issues; heterogeneity;
privacy; data access; standardisation;
generalisability.

Multiple codes and
narrative notes.

Cross-study synthesis of
methodological and
operational gaps.

The extraction framework was designed to connect the purpose of FCD use with the corresponding data sources,
sensing configurations, analytical methods, validation strategies, and operational implications. Primary appli-
cation domains were mutually exclusive, whereas sensing, processing, validation, and infrastructure-related
variables could receive multiple codes within the same publication.

The eligible publications were organised through a top-down analytical framework
comprising three principal dimensions: application domain, sensing technology, and data-
processing approach. Each publication was assigned one primary application domain
according to the dominant objective explicitly stated by the authors. Where a study ad-
dressed multiple objectives, the primary category reflected its principal research question
and main reported outcome.

Sensing technologies, data sources, processing methods, validation approaches, and
supplementary configurations were treated as non-mutually exclusive dimensions. A
single publication could therefore receive multiple secondary codes when it combined
heterogeneous sensors, data sources, or analytical techniques.

The classification framework was refined iteratively during data extraction to ac-
commodate methodological configurations that were not fully represented in the initial
taxonomy. Whenever a category was introduced, merged, or clarified, the revised definition
was reapplied consistently to the entire eligible corpus.

All eligible publications contributed to the descriptive evidence mapping and cluster-
level frequencies. A subset of representative publications was subsequently selected for
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detailed narrative discussion according to predefined illustrative criteria, including method-
ological recurrence, analytical distinctiveness, validation strength, operational scale, and
relevance to the review objectives. This selection affected only the depth of discussion and
did not influence eligibility or quantitative results.

2.9. Methodological and Reporting Appraisal

The reviewed literature encompassed heterogeneous observational, experimental,
modelling, signal-processing, data-fusion, and machine-learning studies. Conventional
intervention-oriented risk-of-bias instruments were therefore not considered appropriate
for evaluating this evidence base.

Methodological and reporting completeness was appraised using the eight review-
specific dimensions and operational definitions reported in Table 7.

Table 7. Methodological and reporting appraisal criteria.

Criterion Fully Reported Partially Reported Not Reported Not Applicable

Data source and
analysed sample

Provider, source, sample unit,
scale, and observation period
described sufficiently to
understand and potentially
reproduce the analysis.

Source or sample
described, but one or more
material elements are
incomplete.

No adequate description
of source or sample.

Generally not applicable
only in exceptional
methodological studies
without an
empirical sample.

Sensing configuration
and acquisition
frequency

Sensor type, device or
platform, relevant placement,
and acquisition or sampling
frequency fully reported.

Sensor or frequency
reported only partially, or
configuration lacks
relevant detail.

Sensing configuration
and acquisition
frequency not reported.

Applicable only when no
physical sensing
configuration
was involved.

Preprocessing and data
cleaning

Filtering, cleaning,
synchronisation, map
matching, segmentation,
normalisation, or equivalent
pipeline sufficiently described.

Only selected
preprocessing steps
reported or key
parameters omitted.

Preprocessing not
described despite
being relevant.

Not applicable when no
preprocessing was
required and this
is justified.

Vehicle and
operating conditions

Vehicle characteristics, sensor
placement, speed, tyres,
loading, driving conditions, or
other relevant operational
factors adequately reported.

Some relevant conditions
reported, but material
factors remain
unspecified.

Relevant vehicle and
operating conditions
not reported.

Not applicable when these
factors could not
reasonably affect the
study outcome.

Reference
measurement,
benchmark, or
ground truth

Independent reference,
benchmark dataset, profiler,
survey, sensor, labelled data,
or clearly defined ground
truth available and described.

Reference present but
limited, indirect, weakly
described, or only
internally derived.

No reference
measurement,
benchmark, or
ground truth.

Not applicable for purely
descriptive studies that do
not claim predictive or
measurement
performance.

Quantitative
performance or
uncertainty metrics

Appropriate metrics and
sufficient numerical results
reported, including
uncertainty where relevant.

Metrics reported
incompletely or without
sufficient detail for
interpretation.

No quantitative
performance or
uncertainty measure
reported where relevant.

Not applicable when
quantitative performance
was not an objective.

External or
real-world validation

Independent dataset, cross-site
test, external validation, or
real-world operational
evaluation reported.

Validation limited to
internal resampling, a
single site, or a
non-independent dataset.

No validation beyond
model development
or calibration.

Not applicable only where
validation is outside the
legitimate scope of
the study.

Deployment scale
and transferability

Spatial and temporal scale,
deployment setting,
reproducibility, scalability, and
transferability explicitly
examined or demonstrated.

Scale reported but
transferability or
reproducibility only
partly discussed.

Deployment scale or
transferability not
adequately addressed.

Not applicable for
narrowly theoretical work,
with justification.

The appraisal framework assessed methodological and reporting completeness rather than assigning an overall
quality score or determining study eligibility. The four response categories were applied independently to
each criterion in order to characterise strengths, limitations, and differences in reporting maturity across the
included studies.

Each dimension was classified as fully reported, partially reported, not reported,
or not applicable. The appraisal was used to characterise the transparency, robustness,
validation maturity, and transferability of the available evidence. It was not used as an
independent eligibility threshold, because excluding publications solely on the basis of
incomplete reporting could have systematically removed exploratory contributions from
emerging FCD application areas.
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The appraisal framework was developed specifically for the present review and should
be interpreted as a structured assessment of methodological and reporting completeness
rather than as a validated risk-of-bias instrument.

2.10. Evidence Synthesis

All eligible publications contributed to the descriptive mapping of the literature. The
synthesis combined quantitative frequency analysis with structured qualitative interpreta-
tion and considered publication year, geographical setting, application domain, sensing
technology, processing method, validation strategy, and deployment scale.

Because sensing technologies, data sources, and processing approaches were coded as
non-mutually exclusive, the corresponding frequencies were interpreted as the number of
publications reporting each characteristic rather than as mutually exclusive percentages.

A narrative synthesis was used to examine the relationships among transportation
objectives, sensing configurations, analytical pipelines, validation practices, and oper-
ational deployment. Particular attention was devoted to the contrast between mature
traffic-oriented applications and comparatively less developed infrastructure-monitoring
applications, especially those exploiting accelerometric or inertial vehicle data.

A statistical meta-analysis was not performed because the included studies differed
substantially in their data sources, sampling frequencies, units of analysis, experimental
conditions, outcome definitions, reference standards, and performance measures. These
differences prevented the definition of sufficiently homogeneous effect measures and
comparison groups.

All eligible publications were included in the evidence synthesis. Individual studies
were cited as illustrative examples where they supported the interpretation of recurrent
findings, methodological developments, validation practices, operational implementa-
tions, or research gaps. This narrative presentation did not involve any further eligibility
assessment or reduction of the final evidence corpus.

2.11. Review Governance, Limitations, and Reproducibility

Title-and-abstract screening, full-text eligibility assessment, data extraction, and
methodological appraisal were conducted by a single reviewer (S.S.). Formal inter-reviewer
agreement could therefore not be calculated, and the absence of independent double
screening is acknowledged as a methodological limitation. This may have introduced
reviewer-dependent selection, extraction, or classification bias.

Several safeguards were adopted to reduce the potential influence of reviewer-
dependent decisions. These included the use of predefined operational definitions and
eligibility criteria, deterministic Boolean screening rules, conservative retention of un-
certain records, manual reassessment of ambiguous decisions, assignment of a single
primary exclusion reason to each ineligible publication, record-level documentation of
the evidence supporting each decision, and consistent application of the full-text and
classification criteria.

All bibliographic transformations, duplicate-resolution decisions, screening outcomes,
full-text exclusion reasons, extracted variables, and methodological-appraisal results were
retained in an auditable review database. The records preserved at each review stage and
their reproducibility functions are summarised in Table 8.

To assess decision stability, a stratified sample of title-and-abstract and full-text deci-
sions was reassessed by the same reviewer after completion of the primary screening phase.

Together, these materials permit reconstruction of the complete review process from
the 2127 initially retrieved records to the final evidence corpus.
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Table 8. Review audit trail and reproducibility records retained within the review database.

Review Stage Records Retained Reproducibility Function

Identification

Original Scopus and Google Scholar/Publish
or Perish exports; source-specific identifiers;
search dates; exact search expressions;
record counts.

Reconstruction of the initial 2127-record
evidence set and verification of
source provenance.

Harmonisation and deduplication

Original and normalised bibliographic fields;
DOI and title matches; duplicate-group
identifier; retained master record;
adjudication notes.

Verification of the removal of 566
duplicates and reconstruction of the
1561-record unique database.

Preliminary eligibility
Year, language, publication type, disciplinary
eligibility, verification source, and
exclusion reason.

Reconstruction of the transition from the
deduplicated database to the 1183 records
screened by title and abstract.

Title-and-abstract screening

Screening outcome; activated Boolean
conditions; matched expressions; supporting
title or abstract evidence; primary exclusion
reason.

Record-level auditability of deterministic
screening decisions.

Manual adjudication
Reason for review; contextual interpretation;
final manual outcome; reviewer note;
requirement for full-text verification.

Documentation of scientific judgement in
ambiguous and uncertain cases.

Full-text retrieval DOI or retrieval route; retrieval status; full-text
availability; report-not-retrieved status.

Transparent separation of unavailable
reports from relevance-based exclusions.

Full-text eligibility
Eligibility outcome; one primary exclusion
reason; evidence supporting the decision;
related-report assessment.

Reconstruction of the final
study-selection process and
PRISMA counts.

Data extraction and classification
All extracted variables; primary application;
secondary technology and method codes;
coding notes; missing-data status.

Reproducibility of quantitative mapping
and narrative synthesis.

Methodological appraisal
Eight appraisal dimensions; category assigned;
supporting evidence; not-applicable
justification.

Verification of the assessment of
methodological and reporting
completeness.

Governance and version control
Framework version; dictionary version; date of
execution or review; corrections and
adjudication history.

Preservation of consistency and
traceability across review iterations.

The audit trail preserved the evidence and decisions generated at each stage of the review, from bibliographic
identification to methodological appraisal. This record-level documentation enabled reconstruction of the selec-
tion process, verification of the reported PRISMA counts, and traceability of both deterministic and manually
adjudicated decisions.

3. Results
3.1. Study Selection and Corpus Characteristics

The study-selection process is summarised in the PRISMA flow diagram presented
in Figure 1. Results are reported sequentially for bibliographic identification, duplicate
removal, preliminary eligibility assessment, title-and-abstract screening, full-text retrieval,
and final eligibility assessment. The composition of the review corpus resulted exclusively
from application of the predefined eligibility criteria; no target number of publications,
thematic quota, or predetermined sample size was established.

The searches conducted in Scopus and Google Scholar through Harzing’s Publish
or Perish retrieved 2127 bibliographic records, comprising 1161 records from Scopus and
966 records from Google Scholar. Following bibliographic harmonisation and cross-source
duplicate resolution, 566 duplicate occurrences were removed, resulting in a deduplicated
database of 1561 unique records.

A preliminary scoping search conducted in Scopus revealed a marked increase in
the number of publications from approximately 2010 onwards. This trend was clearly
observable in the annual distribution of the retrieved records and informed the decision
to define the review period as extending from 2010 to 2025. Figure 2 presents the annual
number of records identified during this preliminary scoping analysis.
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Figure 2. Annual distribution of about 4000 records identified in the preliminary Scopus scoping
search used to support the definition of the review period. The dashed line indicates the lower
temporal boundary adopted for the systematic review.

The annual distribution should be interpreted as a description of the retrieved search
output rather than as a direct estimate of the temporal prevalence of eligible FCD research.
At this stage, the dataset still contained records that were subsequently removed because
they did not satisfy the publication-period, language, publication-type, disciplinary, or
substantive eligibility criteria.

Following duplicate removal and preliminary bibliographic eligibility assessment,
1183 records entered title-and-abstract screening.

During title-and-abstract screening, 530 records were classified as potentially eligi-
ble, 183 were classified as uncertain, and 470 were excluded directly at title-and-abstract
level. Manual reassessment of the uncertain records resulted in the retention of 123 addi-
tional records and the exclusion of 60 records. Overall, 530 records were excluded during
title-and-abstract screening, while 653 reports were retained for full-text retrieval and
eligibility assessment.

Geographical assignment was based on the empirical study area or, where appropriate,
on the location of the analysed dataset, and not on authors’ affiliations. The distribution
should therefore be interpreted as a descriptive map of the available evidence base, not as
a geographical sampling target (Figure 3).

Of the 653 reports sought for retrieval, 578 full texts were successfully obtained,
corresponding to 88.51% of the reports sought. The remaining 75 reports could not be
retrieved after the documented searches of DOI landing pages, publisher websites, Google
Scholar, institutional repositories, and other legally accessible scholarly sources. Reports
that could not be retrieved were recorded separately and were not treated as relevance-
based exclusions because their substantive eligibility could not be assessed.

The 578 retrieved reports were assessed against the full-text eligibility criteria and
413 reports were excluded following full-text assessment, with one mutually exclusive
primary reason assigned to each report. FCD were mentioned only as background or related
work and were not used substantively in the reported analysis in 118 reports. A further
82 reports relied exclusively on external or non-vehicle-derived sensing without a substantive
vehicle-derived component, while 53 addressed applications outside the transportation or
road-infrastructure scope. No identifiable original empirical or methodological contribution
was found in 48 reports, and 41 reports corresponded to ineligible publication types. Thirty-
two reports substantially overlapped with another eligible publication without providing
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complementary data, methods, validation, or findings. Twenty-one reports were excluded
because the full text was not written in English, and eighteen concerned exclusively non-
motorised mobility without an analytically relevant motor-vehicle component.

Figure 3. Geographical distribution of the empirical study settings reported in the included publica-
tions. The colour scale ranges from darker shades, indicating a higher number of records, to light
grey, indicating no records. The macro-regional distribution was as follows: Europe, 59 publications;
Asia, 61; North America, 26; Latin America, 5; Africa, 4; Oceania, 2; multiple regions, 8.

The remaining 165 publications formed the evidence-mapping corpus. This number
resulted from the application of the predefined eligibility criteria and was not determined
through purposive sampling, thematic balancing, or a predetermined target corpus size.

Table 9 provides a quantitative mapping of the 165 eligible publications across the
principal analytical dimensions considered in the review. Primary application domains
were coded as mutually exclusive, whereas sensing technologies, data sources, and valida-
tion approaches could receive multiple codes within the same publication. Accordingly,
percentages for non-mutually exclusive dimensions may exceed 100% when summed.

Table 9. Quantitative mapping of the 165 publications included in the review.

Analytical Dimension Category Nr. %

Primary application
domain Travel and traffic-state estimation 66 40.0

Mobility patterns and transport planning 34 20.6
Freight and logistics 12 7.3
Driving behaviour and road safety 21 12.7
Environmental and energy assessment 12 7.3
Infrastructure monitoring 20 12.1

Sensing technology GPS/GNSS 128 77.6
CAN, OBD or vehicle telemetry 34 20.6
Accelerometer, gyroscope or IMU 29 17.6
Smartphone-based sensing 18 10.9
Black box or dedicated onboard sensing 14 8.5
Vehicle-mounted camera 11 6.7

Data-processing
approach Statistical or traffic modelling 82 49.7

Map matching and trajectory processing 67 40.6
Machine learning 52 31.5
Spatial analysis or clustering 49 29.7
Data fusion 41 24.8
Time-series modelling or forecasting 38 23.0
Signal processing 31 18.8
Deep learning or computer vision 28 17.0
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Table 9. Cont.

Analytical Dimension Category Nr. %

Complementary data
source Fixed detector or inductive loop 31 18.8

Roadside radar or stationary camera 17 10.3
Bluetooth, ETC or communication data 22 13.3
Other contextual or external source 39 23.6

Validation approach Independent reference or ground truth 54 32.7
Internal or cross-validation 47 28.5
Cross-site or external validation 18 10.9
No explicit validation reported 63 38.2

Geographical region Europe 59 35.8
Asia 61 37.0
North America 26 15.8
Latin America 5 3.0
Africa 4 2.4
Oceania 2 1.2
Multiple regions or not reported 8 4.8

Deployment scale Experimental or single-site 74 44.8
Urban or network-level 52 31.5
Regional, national or multi-site 24 14.5
Operational or real-time deployment 15 9.1

PMS integration level No explicit PMS connection 137 83.0
Potential or indirect maintenance relevance 19 11.5
Explicit PMS-oriented integration 9 5.5

Application domain, geographical region, deployment scale, and PMS integration level are mutually exclusive.
Sensing technology, data-processing approach, complementary data source, and validation approach are non-
mutually exclusive; therefore, percentages within these dimensions may sum to more than 100%.

The eligible publications were subsequently organised into a stable set of application,
sensing, and data-processing clusters. The classification structure was progressively re-
fined as recurrent methodological configurations emerged and was subsequently applied
consistently across the complete eligible corpus.

All 165 eligible publications contributed to the descriptive evidence mapping and to
the calculation of cluster-level frequencies. Within this corpus, a representative subset of
publications was selected for detailed narrative discussion. These studies were chosen to
illustrate recurrent methodological configurations, distinctive analytical developments,
robust validation strategies, large-scale or operational implementations, and research gaps
relevant to the objectives of the review.

The selection of representative publications affected only the depth of narrative dis-
cussion. It did not influence study eligibility, cluster assignment, quantitative frequencies,
or the composition of the final evidence corpus.

3.2. Classification Framework and Analytical Dimensions

The selected studies were organized according to a top-down classification framework
linking the overarching purpose of FCD use to the underlying technical components. Three
analytical dimensions were considered: (i) application domain, (ii) sensing technology, and
(iii) data processing approach. This structure was adopted to examine the relationships be-
tween transportation objectives, data-acquisition systems, and the analytical methodologies
used to transform vehicle-derived observations into operational information.

This structure was chosen not simply to follow previous application-based taxonomies,
but to refine and extend them. Existing large-scale reviews typically cluster FCD research
into domains such as traffic state estimation, traffic safety, and route planning. While this
approach effectively captures dominant research trends, it also tends to mask infrastructure-
related applications, which often remain embedded within traffic-centric analyses rather

https://doi.org/10.3390/infrastructures11080257

https://doi.org/10.3390/infrastructures11080257


Infrastructures 2026, 11, 257 19 of 44

than being treated as a distinct thematic area [3]. As a result, applications involving pave-
ment condition monitoring or infrastructure assessment are not explicitly recognized, even
though they rely on specific sensing modalities and processing strategies that may differ
substantially from those used in traditional mobility-oriented studies.

By reorganizing the selected literature through a top-down framework that begins
with application domains and explicitly incorporates infrastructure-oriented uses, the
proposed classification addresses some of the limitations of earlier application-based tax-
onomies. Each application domain is subsequently linked to the sensing technologies and
data processing approaches adopted in the corresponding studies. This structure sup-
ports the identification of methodological relationships, gaps, and research opportunities
that may remain less visible in predominantly traffic-oriented classifications. The frame-
work therefore provides a structured representation of the range of FCD applications and
methodological configurations included in the selected corpus (Figure 4).

Figure 4. Block diagram illustrating the classification framework adopted for the selected corpus. The
included publications were organized according to application domain, sensing technology, and data
processing approach, supporting the comparison of methodological configurations and the identification
of recurrent patterns and comparatively underrepresented areas within the analysed corpus.
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Figure 4 provides a conceptual overview of the classification framework and its
relationship with the survey’s main thematic sections.

The application domain describes the primary purpose for which FCD were employed.
Each of the 165 eligible publications was assigned one primary application domain accord-
ing to its dominant research objective. As the first layer of the framework, the application
domain also shapes the sensing requirements and data characteristics for each use case.

The sensing technology dimension (ii) refers to the type of data acquisition systems
employed in each study, ranging from GPS and multi-constellation Global Navigation
Satellite Systems (GNSS) positioning to smartphone-based accelerometers, onboard inertial
sensors, vehicle telemetry systems, and camera-derived observations. The choice of sens-
ing modality is inherently influenced by the target application, since different objectives
require different spatial, temporal, or dynamic measurement capabilities. In turn, the prop-
erties of the sensing technologies constrain the analytical methods that can be applied in
downstream processing.

The data processing dimension (iii) captures the analytical methods used to transform
raw trajectories or sensor signals into operational indicators. These methods include data
filtering and cleaning procedures, map-matching techniques, trajectory segmentation, clus-
tering algorithms, statistical inference models, machine learning approaches, smoothing
and interpolation techniques, and multi-source data fusion strategies. As the final layer
of the framework, data processing depends on both the application domain and the em-
ployed sensing technologies, since different sensor-objective combinations require tailored
analytical pipelines. Overall, the studies included in the selected corpus demonstrate sub-
stantial methodological sophistication in addressing noise, data sparsity, and heterogeneity,
although advanced processing techniques were not evenly represented across the analysed
application domains.

In the following subsections, each of these three analytical dimensions is addressed in
greater depth, first through a general overview and subsequently through a more detailed
examination of the aspects that characterize the corresponding body of literature.

3.2.1. Classification by Application Domain

From a general perspective, the application of FCD has progressively expanded be-
yond basic traffic monitoring to encompass a broad range of operational and strategic uses
in transport and mobility analysis. The reviewed literature shows that FCD are applied
to real-time traffic state estimation, travel time and speed analysis, route optimization,
emission and energy assessment, road safety evaluation, and, in a more limited number of
cases, infrastructure condition monitoring. This diversity reflects the flexibility of FCD as a
data source and its adaptability across heterogeneous analytical contexts.

The classification by application domain provides a structured overview of how FCD
are leveraged across these use cases and enables a comparative assessment of their relative
maturity. Traffic-state estimation and mobility-planning applications accounted for 100 of
the 165 eligible publications (60.6%), confirming the predominance of traffic and mobility-
oriented research within the reviewed corpus. Infrastructure monitoring represented the
primary application domain in 20 of the 165 eligible publications (12.1%), indicating a
substantially smaller evidence base than that observed for traffic-state estimation and
mobility planning. This confirms the marginal role of infrastructure-focused applications
within the current FCD literature and highlights an imbalance in research attention that
is relevant for assessing the state of the art and identifying underexplored directions for
future research.

Beyond illustrating the prevalence of traffic- and mobility-oriented applications,
Table 10 summarizes, for each application domain, the main data sources, methods, key
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results, and operational implications reported in the reviewed studies. Traffic-related ap-
plications, including travel time and speed estimation, congestion monitoring, and route
prediction, primarily rely on positioning-based FCD derived from GNSS, often comple-
mented by fixed sensors such as loop detectors and Electronic Toll Collection (ETC) systems.
This integration enables continuous network-wide coverage while preserving local accu-
racy, leading to improved traffic prediction capabilities and more effective signal control
strategies. Fixed detectors or inductive loops were used as complementary sources in 31
publications (18.8%), roadside radar or stationary cameras in 17 publications (10.3%), and
Bluetooth, ETC, or communication data in 22 publications (13.3%).

Table 10. Classification of FCD applications by use.

Category Data Methods Results Main Implications References

Travel and Traffic
State Estimation

FCD, sensors,
simulation

Data fusion, traffic
models, Machine
Learning (ML)

Improved travel time
accuracy; congestion
mapping

Network-wide
traffic monitoring
and ITS decision
support

[8–28]

Mobility Pattern and
Transport Planning

FCD, land-use
data, Points of
Interest (POIs)

Clustering,
indicators, spatial
analysis

Fine-grained mobility
and accessibility
patterns

Evidence-based
planning and
zoning decisions

[29–46]

Freight and Logistics
Applications

FCD, freight
surveys

Robust routing,
demand modelling

Higher delivery
reliability under
uncertainty

Sustainable urban
freight planning [47–53]

Driving Behavior
Analysis and Safety

Low-frequency
FCD, road
geometry

CNNs, speed–safety
analysis

Lane detection > 90%;
safety hotspots

Data-driven road
safety screening [54–67]

Environmental and
Modal Impact

FCD, EV tests,
user surveys

VSP models,
literature synthesis

Improved EV energy
models; mode shift
evidence

Sustainable
mobility policy
design

[28,68–75]

Infrastructure
Monitoring

Inertial sensors,
black-box data

Odometry,
roughness indices

Reliable International
Roughness Index (IRI)
proxies; scalable
screening

Low-cost
network-level asset
management

[76–84]

The classification is based on the primary application domain identified in each reviewed study. Several contribu-
tions span multiple categories; in such cases, studies were assigned to the dominant use reported by the authors.

Applications related to mobility pattern analysis and transport planning typically
integrate FCD with contextual and crowdsourced datasets, such as urban morphology
information, mobile network data, and Bluetooth detections. The fusion of trajectory
data with spatial and socio-technical context supports spatiotemporal mobility analysis
and demand-responsive public transport planning, contributing to more effective zoning
strategies and adaptive mobility policies. In the freight and logistics domain, FCD are
commonly combined with origin–destination matrices, traffic counts, and stakeholder-
provided information, reflecting the operational complexity of freight systems and enabling
route optimization under time-dependent conditions, with associated efficiency gains and
cost reductions in urban logistics.

Studies focusing on driving behaviour and road safety exploit FCD alongside road
geometry, historical crash databases, and vehicle internal data accessed through Controller
Area Network (CAN) bus systems. This integration allows the identification of speeding
patterns, unsafe manoeuvres, and safety-critical locations, directly supporting targeted risk
mitigation and safety interventions. Environmental and modal impact assessments further
extend FCD applications by combining speed and acceleration profiles with power-based
models and environmental data to estimate emissions and energy consumption, providing
quantitative support for sustainability-oriented transport policies.

Infrastructure monitoring represents a distinct yet comparatively underrepresented ap-
plication domain. Unlike traffic-oriented uses, it mainly relies on accelerometers, vibration
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sensors, and onboard diagnostic data that are sensitive to road surface irregularities. While
these approaches offer clear benefits, such as early damage detection and cost-effective
maintenance planning, their limited presence in the literature highlights the substantial
potential for expanding FCD-based methodologies beyond mobility analysis toward more
systematic and large-scale infrastructure monitoring applications.

From a more specific perspective, the use of FCD has progressively expanded from
basic traffic monitoring toward a wide range of operational and strategic applications in
transport and mobility management. One of the most established domains concerns travel
time and speed estimation on urban [20] and highway networks, where data collected
from probe vehicles are used to model traffic conditions and predict delays. Studies such
as [25] show that estimation accuracy improves when FCD are combined with fixed sensors,
including loop detectors and ETC systems, through models that decompose travel time
into acceleration, cruising, and deceleration phases, achieving average errors below 5%
under congested conditions and between 10% and 20% in lighter traffic. Simulation-based
investigations further confirm the robustness of FCD-derived speed metrics across entire
road segments, even at penetration rates as low as 5% on high-volume roads, supporting
traffic state estimation when dense sensor infrastructures are unavailable [26].

FCD have also been extensively applied to congestion monitoring and network perfor-
mance assessment at the urban scale, as shown in studies conducted in cities such as the
metropolitan areas in China [27], where congestion maps and speed profiles were derived
from taxi-based GPS data. Beyond traffic performance, FCD have been employed to analyze
vehicle energy consumption by linking speed and acceleration profiles to power-based
models, highlighting higher energy demand under stop-and-go conditions typical of urban
roads [68]. Predictive applications have also emerged, with deep learning models such as
Long Short-Term Memory (LSTM) and Generative Adversarial Networks (GANs) trained
on FCD to forecast vehicle trajectories and future routes, supporting route planning and
mobility management [28].

At broader spatial and temporal scales, FCD enable the investigation of mobility pat-
terns and transport planning by uncovering spatiotemporal congestion structures and ac-
cessibility dynamics, as demonstrated using taxi data in Wuhan (China) [29] and large-scale
private vehicle datasets in Italian cities such as Brescia, Catania, and Salerno [42]. These ap-
proaches support origin–destination reconstruction, traffic zoning, and demand-responsive
planning, including public transport optimization in tourist-intensive contexts [43]. Ad-
ditional applications relate to smart mobility and ITS strategies, where FCD integrated
with vehicle diagnostics have been used to assess operational measures and eco-driving
impacts [44,45].

In the freight and logistics domain, FCD have been used for freight modelling and the
design of urban logistics scenarios, including route optimization under time-dependent
and stochastic travel conditions and the development of Sustainable Urban Logistics Plans
(SULPs) [47,48]. Driving behavior and road safety represent another relevant area, where
FCD have been exploited to infer safety-related patterns by linking trajectories with road
features and behavioral indicators [54], and to support lane-level inference tasks such as
lane number mining from low-frequency trajectories using deep learning [55].

In addition to traffic-oriented applications, several studies exploit vehicle-borne sens-
ing that can be interpreted within an FCD-like paradigm, especially when data are col-
lected from circulating vehicles through smartphone sensors, black boxes, or onboard
inertial units.

A consolidated line of research relies on smartphone accelerometers coupled with
GNSS/GPS to estimate road roughness and ride quality under real driving condi-
tions [85–88], with later works extending these approaches through machine learning and

https://doi.org/10.3390/infrastructures11080257

https://doi.org/10.3390/infrastructures11080257


Infrastructures 2026, 11, 257 23 of 44

signal processing pipelines for road quality classification and anomaly/distress identifica-
tion [89–97]. Crowdsourcing configurations further emphasize scalability by aggregating
observations from multiple users or probe vehicles [98–103].

A complementary stream of contributions uses black boxes and vehicle-mounted
inertial sensing embedded in operational fleets, showing that vertical acceleration data
can support the detection of abnormal pavement conditions and maintenance-oriented
analytics [81,100,104–106]. However, these studies are often constrained to specific fleets,
controlled setups, or single-sensor configurations, and they are rarely aggregated within
large, heterogeneous fleet-based frameworks.

Despite this wide range of mature applications, infrastructure monitoring remains
marginal within the FCD literature. Only isolated contributions exploit in-vehicle inertial
sensing (e.g., wheel-mounted accelerometers) in ways that could be extended toward
road-surface assessment, but these studies remain limited in scale, sensor diversity, and
integration with fleet-based FCD frameworks [78,84]. Similarly, only limited evidence
exists on multi-sensor fusion combining inertial measurements and vision-based obser-
vations for pavement assessment [107–110], suggesting that integrated, scalable pipelines
remain largely underdeveloped. Overall, the literature offers a broad, diverse set of con-
tributions on vehicle-based sensing for pavement and road surface assessment. Many
studies successfully demonstrate the feasibility of extracting infrastructure-related indica-
tors from onboard data, particularly by accelerometers or vision-based sensors considered
independently. These works have contributed to important methodological insights and
validated the sensitivity of specific sensing modalities to surface irregularities under real
driving conditions.

At the same time, a significant portion of the existing research relies on single sensor
configurations or on ad hoc measurement campaigns conducted with specially instru-
mented vehicles or dedicated sensing platforms. While these approaches allow controlled
data acquisition and detailed analysis, their applicability is often confined to limited spatial
extents, specific vehicle types, or short observation periods. Fewer studies investigate
the joint exploitation of heterogeneous sensor modalities, such as inertial measurements,
vision-based observations, positioning data, and contextual information collected from
circulating vehicle fleets. When multi-sensor approaches are considered, they are typically
evaluated on small-scale datasets and remain weakly integrated into large fleet-based
FCD frameworks.

The reviewed application domains also reveal significant differences in operational
maturity and deployment scalability. Traffic-oriented applications, such as travel time
estimation, congestion monitoring, and mobility analytics, generally benefit from large-
scale datasets, standardized processing pipelines, and relatively robust validation prac-
tices. In contrast, infrastructure-oriented applications remain more fragmented and fre-
quently rely on small-scale experimental campaigns or single-sensor configurations. While
accelerometer-based approaches offer clear advantages in terms of low-cost deployment
and continuous monitoring potential, their performance is often influenced by vehicle type,
speed, tire characteristics, sensor placement, and driving behaviour. Furthermore, many
studies provide limited discussion of calibration procedures, long-term robustness, or trans-
ferability across heterogeneous fleets and operating conditions, which currently constrains
the operational integration of accelerometric FCD into large-scale PMS frameworks.

To summarise, these observations suggest several open research gaps for infrastruc-
ture monitoring within the FCD paradigm. In particular, standardized and transferable
methodologies for aggregating and normalizing accelerometric signals across heteroge-
neous vehicles and operating conditions are still limited. Evidence on robust multi sensor
fusion strategies that can enhance reliability and reduce sensitivity to vehicle specific effects
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remains scarce. Furthermore, large-scale validation studies linking FCD-derived pavement
indicators to reference measurements and supporting their systematic integration into
PMS are relatively few. Overall, despite the increasing availability of onboard sensing tech-
nologies, the full potential of accelerometer-enriched FCD for continuous, network-wide
pavement condition monitoring has yet to be fully realized.

3.2.2. Classification by Sensing and Data-Source Role

From a general perspective, the technological landscape supporting the collection
and processing of FCD has evolved substantially, driven by the increasing availability
and integration of heterogeneous sensing technologies (Table 11). Beyond describing this
evolution, Table 11 summarizes the main sensing and data-source role categories adopted
in the reviewed studies, reporting for each category the typical data streams, processing
methods, key results, and main implications.

Table 11. Classification of sensing and data-source roles in FCD-related studies.

Category Data Methods Results Main Implications References

Core
Positioning-Based
FCD Sources

GNSS (GPS, GLONASS,
Galileo, BeiDou), ETC

Map-matching;
trajectory
reconstruction; travel
time and speed
estimation

Wide spatial
coverage; reduced
accuracy in dense
urban environments

Core FCD source;
integration with
complementary sensors
required

[1,22–25,28,111–
114]

Onboard Vehicle and
Inertial Enrichment
Sensors

CAN bus, odometer,
accelerometer,
magnetometer

Vehicle dynamics
analysis; roughness
and safety detection

High-resolution
motion data;
vehicle-dependent
signals

Rich information
content; calibration and
normalization required

[81,84,85,87,89–
94,97,100,105,
115–122]

Complementary
External, Reference,
and Vision-Based
Sensing Sources *

Inductive loops, radar,
camera-based systems

Traffic flow and
speed measurement;
signal control;
incident detection

High local accuracy;
limited spatial
coverage

Accurate local
reference; limited
scalability

[107–109,123–
142]

Communication-
Based and
Crowdsourced
Complementary
Sources

Bluetooth travel time
re-identification; V2I
communications
(GPRS/UMTS);
extended FCD (GPS +
CAN + vision);
mobile probes

Travel time
interpolation (LSTM);
trajectory weighting;
multi-sensor fusion;
anomaly detection

Improved travel time
estimation; enhanced
traffic load
representation;
variable spatial
resolution

Scalable and
cost-efficient coverage;
privacy-sensitive;
accuracy dependent on
penetration rate and
detector spacing

[143–147]

The classification is based on the primary technology identified in each reviewed study. Several contributions
span multiple categories; in such cases, studies were assigned to the dominant use reported by the authors. * This
category includes external, reference, and vision-based sources used to support, calibrate, validate, benchmark, or
extend FCD-related analyses. These sources were not treated as independent core FCD-generating technologies
unless they were acquired from moving vehicles and linked to georeferenced trajectories.

Satellite positioning systems, including the GPS and multi-constellation GNSS so-
lutions, constitute the foundational technology for FCD acquisition and are primarily
used for vehicle localisation, trajectory reconstruction, and travel time estimation. Their
widespread adoption is supported by wide spatial coverage, high temporal resolution,
and low deployment costs; however, positioning accuracy may degrade due to signal
obstruction and multipath effects, particularly in dense urban environments, motivating
integration with complementary sensors. GPS or GNSS data were reported in 128 of the
165 eligible publications (77.6%), making satellite positioning the most frequently identified
sensing technology.

Vehicle internal sensors and onboard systems, such as CAN bus data, odometers, ac-
celerometers, and magnetometers, provide detailed, environment-independent information
on vehicle dynamics. These data support driving behaviour analysis, safety assessment,
and, in selected cases, road condition detection, but require sensor-specific calibration and
are inherently limited to periods and locations where vehicles are present. Accelerome-
ters, gyroscopes, or inertial measurement units were reported in 29 publications (17.6%).
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Smartphone-based configurations were identified in 18 studies (10.9%), while black-box or
dedicated onboard sensing systems were reported in 14 studies (8.5%).

Complementary external and reference sources—including fixed detectors, roadside
radar, stationary cameras, inductive loops, and camera-based systems—are mainly em-
ployed for traffic flow measurement, signal control, and anomaly detection at specific
locations. While offering high accuracy and a valuable reference for calibration and valida-
tion of FCD-derived indicators, their high installation and maintenance costs and limited
spatial coverage restrict scalability. Vehicle-mounted cameras were identified in 11 publica-
tions (6.7%).

Communication-based and crowdsourced data sources, such as mobile phone position-
ing data and Bluetooth (BT) sensors, complement traditional FCD by enabling large-scale,
cost-effective data collection with high penetration rates. These technologies are commonly
used for crowdsourced speed estimation and origin–destination analysis, while posing
challenges related to privacy protection, inconsistent sampling rates, and dependence on
user devices.

Overall, the classification by technology highlights that contemporary FCD ecosystems
rely on the complementary integration of heterogeneous sensing solutions, with each
technology contributing distinct strengths and limitations that directly affect achievable
applications, data quality, and system scalability.

From a more specific perspective, contemporary FCD ecosystems rely on an inte-
grated combination of satellite-based positioning systems, in-vehicle sensors, roadside
infrastructure, and communication-based data sources, each contributing complementary
information to enhance accuracy, robustness, and spatiotemporal coverage. Satellite posi-
tioning systems, particularly GPS, remain the most widely adopted technology for FCD
acquisition and enable high-resolution trajectory reconstruction; however, their perfor-
mance is affected by multipath effects, signal obstruction, and environmental conditions,
resulting in positioning errors ranging from 5 to 30 m in dense urban environments [112]. To
address these limitations, advanced filtering and map reconstruction techniques, including
Gaussian modeling and Otsu-based algorithms, have been proposed [112], while optimized
sampling strategies indicate that acquisition intervals of 1–3 s provide an effective trade-
off between accuracy and data volume [113]. The adoption of multi-constellation GNSS
solutions, integrating systems such as Global Navigation Satellite System (GLONASS),
Galileo, and BeiDou, further improves signal availability and positioning reliability in
complex urban settings [114], particularly when combined with digital maps and wireless
communication technologies [1]. GNSS data have also been successfully integrated with
artificial intelligence models [148] to support trajectory prediction in complex routing
scenarios [28]. Additional positioning-related data sources, such as ETC systems, have
been shown to enhance urban travel time estimation when combined with FCD and fixed
sensor data, even under congested traffic conditions [25]. Beyond positioning technologies,
in-vehicle sensing systems play a crucial role in enriching FCD. The CAN Bus enables high-
frequency access to vehicle dynamics data and has demonstrated improved performance,
robustness, and integration capabilities in hybrid vehicle platforms compared to legacy
systems [118]. Odometers and wheel-mounted accelerometers have been employed to
estimate traveled distance with greater accuracy than traditional approaches, particularly
in environments with weak GPS coverage [84]. Magnetometers provide an additional
sensing modality by detecting vehicle-induced disturbances in the Earth’s magnetic field
and have been integrated with FCD to analyze traffic-related noise and environmental im-
pacts [119]. Complementary information is provided by roadside and fixed infrastructure
sensors, including radar, cameras, and inductive loop detectors, which provide contin-
uous, high-precision measurements at specific locations. The integration of these fixed
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sensors with FCD has been shown to enhance speed estimation accuracy and traffic state
assessment [130], as well as to support more efficient traffic signal control strategies [131].
Roadside radar sensors contribute detailed speed measurements that, when combined
with FCD, facilitate the identification of abnormal driving patterns on rural networks [132],
while data-driven methods (e.g., Self-Organizing Maps (SOM)) have been used to char-
acterize intersection-level dynamics [123]. Inductive loop detectors, despite their spatial
limitations, remain valuable for calibration and validation purposes when fused with
FCD [124]. Finally, communication-based and crowd-sourced data sources, such as mobile
network positioning and Bluetooth sensing, provide additional layers of traffic information.
Mobile phone data, when combined with Bluetooth and FCD, have been shown to improve
travel time and speed estimation accuracy [146], while Bluetooth/Vehicle-to-Infrastructure
(V2I)-based data collection can complement FCD for enhanced traffic monitoring [147].

In addition to conventional positioning and communication technologies, a substantial
body of FCD-related research exploits vehicle-borne inertial sensing, often implemented
through low-cost or consumer-grade devices. Smartphone-based platforms that integrate
accelerometers, gyroscopes, and GPS represent one of the most widely adopted solu-
tions due to their scalability and ease of deployment. These systems have been used for
road roughness estimation, pavement condition classification, and anomaly detection
through vibration-based analytics [85,87,89,90,92–94]. Depending on the application, sens-
ing configurations range from accelerometer-only setups [91,97,113] to multi-sensor inertial
measurement units combining accelerometers and gyroscopes [90,94,115,121], often embed-
ded in smartphones or connected to On-Board Diagnostics (OBD) devices [89,122].Beyond
smartphones, dedicated vehicle-mounted inertial sensors and black boxes provide higher
sampling rates and improved stability, enabling more robust pavement monitoring under
operational conditions. Vertical acceleration data acquired from black boxes and onboard
accelerometers have been successfully used for roughness evaluation and anomaly de-
tection [81,100,116], while calibration strategies leveraging overlapping measurements
across multiple vehicles enhance spatial consistency and localization accuracy [105]. In
connected and automated vehicle contexts, inertial sensing is further enriched through Orig-
inal Equipment Manufacturer (OEM) onboard sensors and Vehicle-to-Vehicle (V2V)/V2I
communications, supporting large-scale, fleet-based pavement condition assessment [117].

A complementary sensing dimension within FCD ecosystems is provided by vision-
based technologies, which enable direct observation of pavement surface conditions.
Vehicle-mounted, action, and smartphone cameras have been widely adopted to cap-
ture pavement imagery under real traffic conditions, supporting crack detection, distress
classification, and surface quality assessment [125,126,133,134]. Early implementations
rely on conventional computer vision pipelines, whereas more recent systems predom-
inantly exploit deep learning architectures, including Convolutional Neural Networks,
CNN-based detectors, encoder–decoder segmentation networks, and You Only Look Once
(YOLO)-based real-time frameworks [127,135–137]. Transformer-based models and hybrid
CNN–transformer architectures further enhance feature representation and robustness
across varying illumination and surface conditions [128,129,138–140].

Vision sensing is increasingly integrated with other onboard data sources to im-
prove reliability and contextual awareness. Multi-modal configurations combine cameras
with accelerometers, gyroscopes, and GNSS to enable synchronized acquisition and cross-
validation of pavement anomalies [107–109,141]. Additional sensing modalities, such as
RGB-D cameras [142], extend the applicability of vision-based monitoring beyond ground
vehicles, supporting detailed distress detection and quantification over larger spatial scales.

From a comparative perspective, no sensing technology currently satisfies all op-
erational requirements simultaneously. GNSS-based systems provide scalable and cost-
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efficient spatial coverage, but their positioning accuracy may degrade under complex
urban conditions. Smartphone-based sensing platforms are highly scalable and economi-
cally accessible, yet they remain sensitive to mounting conditions, device heterogeneity, and
vehicle-specific dynamics. Dedicated onboard sensors and black-box systems generally pro-
vide higher signal quality and improved robustness, although they often require controlled
calibration procedures and access to proprietary vehicle data. Vision-based technologies
enable direct pavement distress recognition with increasingly high detection accuracy;
however, their performance may be affected by lighting conditions, weather variability,
occlusions, and computational requirements. These trade-offs suggest that future large-
scale infrastructure monitoring frameworks will likely depend on multi-sensor integration
strategies capable of balancing scalability, robustness, and operational reliability.

To summarise, the classification by sensing technology highlights that contemporary
FCD ecosystems are inherently multi-sensor and rely on the complementary integration of
heterogeneous data sources rather than on a single dominant technology. Satellite-based po-
sitioning systems provide the backbone for large-scale trajectory reconstruction and mobil-
ity analysis, while in-vehicle inertial and telemetry sensors enrich FCD with high-frequency
information on vehicle dynamics that is potentially sensitive to infrastructure-related
phenomena. Roadside sensors and fixed infrastructure remain essential for localized, high-
accuracy measurements and validation, whereas communication-based and crowdsourced
data sources enable scalable, cost-effective coverage at the network level. Vision-based
technologies further extend FCD capabilities by enabling direct observation of pavement
surface conditions, particularly when integrated with inertial and positioning data. Overall,
this classification underscores that the analytical potential of FCD is strongly conditioned
by sensing heterogeneity and data fusion strategies, and that the effective exploitation of
FCD for infrastructure monitoring depends on the coordinated use of multiple sensing
modalities rather than on isolated data streams.

3.2.3. Classification by Data Processing

From a general perspective, the processing of Floating Car Data (FCD) can be struc-
tured into a set of methodological approaches describing how raw trajectories and sensor
signals are transformed, modelled, and integrated to extract meaningful information,
independently of the final application domain (Table 12). Beyond providing a methodolog-
ical overview, Table 12 groups the reviewed studies by dominant processing approach
and summarizes, for each category, the typical input data, methods, key results, and
main implications.

Table 12. Classification of FCD applications by data processing.

Category Data Methods Results Main Implications References

Temporal Modeling
and Forecasting

FCD time series,
loop detectors,
calendar data

LSTM; ARIMA;
Support Vector
Regression; Tucker
decomposition

Accurate travel time
and trajectory
prediction;
robustness under
sparse data

Short-term
forecasting and
missing-data
imputation

[23,25,149–154]

Pattern Detection and
Spatial Analysis

FCD, taxi GPS data,
environmental
context

Self-Organizing Maps;
Kernel Density
Estimation; GANs;
LSTM; Vehicle Specific
Power regression

Identification of
traffic hotspots and
behavioural patterns

Network
diagnostics and
policy-oriented
analysis

[28,29,46,55,123,155,
156]

Data Fusion and
Preprocessing
Techniques (including
vision-based methods)

FCD, Bluetooth
data, loop
detectors, images

Adaptive Smoothing
Method; Phase-Based
Smoothing; DBSCAN;
CNN (LeNet-5)

Improved accuracy
and structural
robustness

Scalable integration
of heterogeneous
data sources

[55,68,81,86–91,94,97,
106,107,109,115–
117,124–129,157–168]

The classification is based on the primary data processing approach identified in each reviewed study. Several
contributions span multiple categories; in such cases, studies were assigned to the dominant use reported by
the authors.
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Temporal modelling and forecasting techniques—including LSTM networks, AutoRe-
gressive Integrated Moving Average (ARIMA) models, Support Vector Regression (SVR),
and tensor-based approaches such as Tucker decomposition—are mainly applied to time-
dependent tasks such as travel time prediction, trajectory forecasting, and missing data
imputation. These methods rely on sequential FCD time series, often complemented by
loop detector measurements and calendar-based information, and are effective in capturing
temporal dependencies and recurrent patterns. Their key advantage lies in enabling accu-
rate short- and medium-term predictions, even under sparse data conditions, supporting
real-time traffic management and predictive mobility applications. Statistical or traffic-
modelling approaches were reported in 82 publications (49.7%), while map-matching and
trajectory-processing procedures were identified in 67 publications (40.6%).

Pattern detection and spatial analysis methods aim at identifying spatiotemporal
structures and behavioural regularities in large-scale datasets. Techniques such as SOM,
Kernel Density Estimation (KDE), GAN, and LSTM-based models are commonly applied to
congestion analysis, emission modelling, and driving behaviour recognition. By combining
FCD with spatial information, taxi Global Positioning System (GPS) data, and environmen-
tal context, these approaches support the detection of traffic hotspots, anomalous patterns,
and spatial heterogeneity, improving the interpretability of complex traffic phenomena.

Data fusion and pre-processing techniques form a complementary methodological
category focused on improving data quality and structural consistency prior to higher-
level analysis. Approaches such as the Adaptive Smoothing Method (ASM), Phase-Based
Smoothing Method (PSM), Density-Based Spatial Clustering of Applications with Noise
(DBSCAN), and CNN applied to image-transformed GPS data are primarily used for noise
reduction, lane detection, and the integration of heterogeneous data sources. These meth-
ods typically combine FCD with BT data, loop detector measurements, and transformed
trajectory representations, resulting in enhanced accuracy, robustness, and adaptability
across diverse sensing configurations.

From a more specific perspective, the first group of processing categories concerns
temporal modeling and forecasting, which aims to represent and predict the temporal evo-
lution of traffic-related variables, such as speed, travel time, demand, or vehicle availability,
by learning dependencies and patterns within time-series data. These approaches capture
traffic dynamics over time and enable short- to medium-term predictions of future condi-
tions through time-series analysis techniques such as LSTM networks, ARIMA models, and
SVR. An LSTM-based framework applied to free-floating car-sharing data, for example,
demonstrated superior performance compared to ARIMA and SVR models, particularly
during peak hours, by leveraging Min–Max normalization and hourly aggregation to learn
complex temporal patterns [152].

Travel time estimation represents another extensively investigated objective within
FCD processing. In this context, Ref. [25] proposed a phase-based model that decomposes
trips into acceleration, cruising, and deceleration components, combining a modified
Bureau of Public Roads (BPR) function with shockwave theory and validating the approach
using both FCD and loop detector data collected in Shanghai.

In scenarios characterized by sparse or incomplete FCD coverage, tensor-based impu-
tation strategies have been explored. Specifically, three-dimensional tensor representations
incorporating temporal, spatial, and calendar dimensions have been coupled with Tucker
decomposition to reconstruct missing values, outperforming matrix-based alternatives
even under low data penetration conditions [153]. Accurate travel time prediction also un-
derpins advanced routing and navigation applications, as demonstrated by an LSTM-based
system trained on spatial and temporal features in Istanbul, which significantly reduced
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prediction errors compared to traditional approaches and proved suitable for real-time
traffic applications [154].

Beyond temporal modeling, the second group of processing categories concerns pat-
tern detection and spatial analysis, which represent the methodological layer aimed at
extracting spatial structures, behavioral regularities, and recurrent patterns from FCD.
Rather than predicting future states, these approaches focus on identifying how traffic
phenomena are distributed and organized in space and time, enabling the interpretation
of congestion dynamics, mobility behaviors, and anomalous conditions across networks.
Machine learning and deep learning techniques are commonly employed to uncover such
patterns from spatio-temporal data. For instance, SOM has been used to cluster intersection
traffic states based on delay indices derived from average speeds, providing interpretable
visualizations of daily traffic dynamics [123]. KDE has been applied to large-scale taxi GPS
datasets to detect congestion hotspots by identifying spatially and temporally persistent
clusters of low-speed and stop events, as demonstrated in a study in Wuhan (China) that
used more than 85 million GPS points [29]. Machine-learning techniques were reported
in 52 publications (31.5%), and spatial-analysis or clustering methods in 49 publications
(29.7%). Deep-learning or computer-vision approaches were identified in 28 publications
(17.0%).

Vehicle trajectory prediction further extends this analytical paradigm, with deep
learning models such as LSTM and GANs being employed to estimate future movements.
While LSTM models perform well under stable conditions, GANs have proven more
effective in generating multiple plausible trajectories in complex scenarios [28].

Beyond traffic-focused analytics, FCD-related processing pipelines have also been
developed for road surface and pavement condition inference using inertial and onboard
sensing. In smartphone-based approaches, preprocessing typically includes signal condi-
tioning and geo-referencing, followed by feature extraction in the time and/or frequency
domain and the estimation of roughness or quality indicators. Examples include Root Mean
Square (RMS)-based acceleration metrics and transient event detection [55], frequency-
domain analysis coupled with regression models to relate vibration signatures to rough-
ness indices [86–88], and noise-reduction plus geo-referencing pipelines combined with
machine-learning regression to produce road quality indexes [90]. Unsupervised or super-
vised learning is then used for classification tasks, relying on statistical features in time and
frequency domains [89], clustering-based segment analytics [94], wavelet-based featuriza-
tion with unsupervised clustering [97], and uncertainty-aware inference frameworks such
as Dempster–Shafer Theory for anomaly detection [115]. Related implementations address
road anomaly identification through filtering, anomaly segmentation, and threshold-based
detection [106], as well as classification models that distinguish multiple defect types (e.g.,
potholes, speed bumps, manholes) [164] or combine neural networks with multinomial
logistic regression for pavement condition classification [91].In connected-vehicle and fleet
settings, processing frequently focuses on calibration and validation, including correlation
with reference profilers, bias correction, and segment-level aggregation. Representative
examples include linear correlation and segment analysis validated against inertial profil-
ers [81], and regression-based comparisons with survey/auscultation data [116]. Broader
in-vehicle sensing paradigms also integrate machine learning for classification of road
materials and hazards [117] and physics-based validation of acceleration signals combined
with multi-vehicle data fusion in cooperative contexts [165].

FCD processing has also been applied to environmental analysis, for example, using
Vehicle Specific Power (VSP) to estimate electric vehicle energy consumption by road type,
revealing higher consumption on urban roads and highlighting the relevance of road-aware
routing strategies [68].
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The last relevant processing category concerns data fusion and preprocessing tech-
niques, which represent the set of methodological operations aimed at transforming raw
FCD into consistent, noise-reduced, and structurally aligned inputs suitable for higher-level
analysis. Rather than producing final traffic or infrastructure indicators, these techniques
enable the integration, synchronization, and harmonization of heterogeneous data sources,
thereby providing a reliable foundation for subsequent modeling, prediction, and classi-
fication tasks. In this context, data fusion and preprocessing approaches integrate FCD
with fixed sensor data, such as inductive loops and Bluetooth detectors, to improve the
accuracy of speed and travel time estimates. Approaches such as the ASM and the Phase-
Based Smoothing Method (PBSM), including dynamic weighting variants like Phase-Based
Smoothing Method (Weighted variant) (PSM-W), have demonstrated reduced estimation
errors when validated against real traffic measurements [124]. Clustering algorithms also
play a central role in preprocessing, with techniques such as DBSCAN used to filter noisy
GPS points before higher-level analysis. In one study, DBSCAN-based cleaning was com-
bined with image transformation and a convolutional neural network (LeNet-5) to estimate
the number of lanes on a road segment, achieving an accuracy of 92.7% and illustrating the
potential of hybrid clustering–deep learning pipelines for spatial classification tasks [55].
Data-fusion procedures were reported in 41 publications (24.8%), while signal-processing
approaches were identified in 31 publications (18.8%).

A further methodological branch within the data fusion and preprocessing category
concerns vision-based pavement distress processing, where FCD-adjacent data streams,
such as images or videos acquired from moving platforms, are transformed into detection
or segmentation outputs through deep learning techniques. In this context, vision-based
approaches are treated as a specific form of data preprocessing and fusion, as they aim
to extract structured pavement condition indicators from raw visual inputs and, in some
cases, to integrate them with other onboard sensing modalities. Representative approaches
include deep neural networks applied to two-dimensional pavement images for roughness-
related inference [125], CNN-based models trained and tested on labeled crack-image
datasets [126,127], and architectures that combine multiscale feature fusion and deep
supervision to improve segmentation accuracy [166]. Recent work increasingly incorporates
transformer components, including Vision Transformer comparisons against common CNN
backbones [128] and hybrid CNN–transformer segmentation networks with dedicated
fusion modules and lightweight decoders [129]. Several studies also emphasize the role
of datasets and benchmarking pipelines, proposing large-scale labeled crack datasets and
evaluating segmentation baselines enhanced with attention mechanisms or self-supervised
learning strategies [167].

Hybrid pipelines that combine vision with inertial sensing typically require syn-
chronization and cross-modal alignment, such as video frame analysis coupled with ac-
celerometer z-axis profile reconstruction and GPS-based synchronization [107], or joint
anomaly detection of accelerometer signals with semantic segmentation of imagery [109].
Finally, integrated monitoring systems combine heterogeneous sensors, data fusion, and
GIS-oriented visualization to support decision-making workflows, including statistical
condition estimation and map-based reporting [168].

A further critical aspect emerging from the reviewed studies concerns the limited
standardization of data processing and validation procedures across different FCD applica-
tions. Although advanced machine learning, signal processing, and data fusion techniques
frequently achieve promising results under controlled experimental conditions, their re-
producibility and transferability across heterogeneous datasets and operational contexts
are often insufficiently assessed. In particular, relatively few studies explicitly evaluate
the sensitivity of processing pipelines to variations in vehicle characteristics, sensor qual-
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ity, sampling frequency, or environmental conditions. Consequently, despite the growing
methodological sophistication of FCD analytics, the transition from experimental imple-
mentations to robust operational deployment remains only partially achieved, especially
for infrastructure-monitoring applications.

To summarise, the analysis shows that data processing methodologies for FCD are
well established for traffic-oriented objectives, with a wide adoption of advanced tem-
poral modeling, spatial analysis, and machine learning techniques. Nevertheless, these
approaches are often developed and validated within narrowly defined problem settings,
and their generalization across heterogeneous data sources, sensing configurations, and
operational contexts remains limited. Relatively few studies address the joint challenges of
multi-sensor integration, fleet-level aggregation, and long-term robustness within unified
processing pipelines, indicating an open research gap toward scalable and transferable data
processing frameworks.

3.3. Key Findings Emerging from the Results

Taken together, the results confirm the predominance of traffic- and mobility-oriented
applications, which accounted for 100 of the 165 eligible publications (60.6%), compared
with 20 publications (12.1%) primarily addressing infrastructure monitoring. Although
accelerometers, gyroscopes, or IMUs were identified in 29 publications (17.6%), only 9
studies (5.5%) reported an explicit PMS-oriented integration. Moreover, only 15 publica-
tions (9.1%) described an operational or real-time deployment, indicating a substantial
gap between experimental sensing capabilities and their systematic implementation in
pavement-management processes.

4. Discussion
The results of this systematic review show that FCD have reached a high level of

maturity in the analysis and management of transport systems, particularly in applications
related to traffic dynamics, mobility patterns, congestion monitoring, routing optimization,
and environmental assessment. Over the past two decades, advances in onboard sens-
ing technologies, vehicle connectivity, and data-driven analytics have consolidated FCD
as a reliable and scalable source of information for mobility-oriented studies. However,
the reviewed literature also reveals a clear asymmetry in the exploitation of FCD, with
infrastructure-related applications remaining comparatively underdeveloped. This observa-
tion is consistent with prior review contributions that frame FCD from a technology-system
perspective [1]. Traffic-state estimation and mobility-planning studies jointly represented
60.6% of the corpus, whereas infrastructure monitoring accounted for 12.1%.

A recurring pattern in the analyzed studies is that research on road surface conditions
or physical infrastructure often relies on ad hoc data collection strategies. These typically
involve specially instrumented vehicles, dedicated sensing platforms, or experimental
measurement campaigns explicitly designed for pavement or road anomaly detection.
While such approaches enable controlled, high-quality observations, they are inherently
limited in scalability, automation, and continuous network-wide coverage. In contrast,
the large volumes of data passively generated by ordinary circulating vehicle fleets are
predominantly exploited for traffic-centric analyses, despite the widespread availability of
onboard sensors capable of capturing signals sensitive to road surface irregularities.

This underutilization is particularly evident in accelerometric signals. Although mod-
ern vehicles routinely record acceleration data through embedded sensors and telematics
systems, accelerometric or inertial sensing was reported in 29 publications (17.6% of the
corpus), but explicit PMS-oriented integration was identified in only 9 publications (5.5%).
When accelerometers are considered, their use is generally confined to vehicle dynamics
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analysis, odometry, or driving behavior classification, rather than to the characterization of
pavement-related phenomena. As a result, the accelerometric dimension of FCD remains
fragmented and marginal within the broader FCD research landscape.

The review further indicates that this limitation is primarily methodological rather
than technological. In this context, “methodological” does not refer to the lack of signal
processing or machine learning techniques, which are widely available, but to the absence
of consolidated frameworks for aggregating, normalizing, and interpreting acceleromet-
ric data at the fleet level. Existing FCD research has largely prioritized precision at the
individual vehicle or trajectory level, whereas infrastructure-related phenomena inher-
ently require a statistical, fleet-level perspective. Aggregating accelerometric signals across
heterogeneous vehicles, time periods, and driving conditions would mitigate localized
noise, vehicle-specific effects, and isolated outliers, enabling the identification of road seg-
ments with a higher probability of surface anomalies or progressive degradation. However,
consolidated frameworks supporting such statistical exploitation of fleet-wide FCD are
currently lacking.

From an operational perspective, the reviewed approaches reveal a series of trade-offs
that currently limit the large-scale deployment of FCD-based infrastructure monitoring
systems. Smartphone-based sensing solutions provide clear advantages in terms of low
implementation cost, scalability, and crowdsourcing potential, but their reliability is often
influenced by vehicle characteristics, sensor positioning, driving behaviour, speed vari-
ability, and heterogeneous acquisition conditions. Conversely, dedicated onboard sensors
and connected-vehicle platforms generally provide higher-quality and more stable signals,
although they require more complex calibration procedures, controlled sensing config-
urations, and, in some cases, access to proprietary vehicle data. Similarly, vision-based
approaches offer increasingly accurate pavement distress detection capabilities, particularly
when combined with deep learning techniques, but remain sensitive to environmental
conditions, illumination variability, and computational requirements. These observations
suggest that no single sensing or processing strategy currently satisfies all operational
requirements simultaneously. Rather, future FCD-based pavement monitoring frameworks
will likely depend on the integration of complementary sensing technologies and robust
multi-source data fusion pipelines capable of balancing scalability, accuracy, robustness,
and operational feasibility.

The comparative analysis conducted throughout the review highlights several recur-
ring methodological and operational gaps that currently limit the large-scale deployment
of FCD-based infrastructure monitoring systems. These gaps do not primarily concern
sensing availability, but rather the lack of standardized operational frameworks, robust
validation procedures, and transferable fleet-level methodologies. Table 13 summarizes the
principal research gaps identified across the reviewed literature and their implications for
future FCD-based pavement monitoring applications.

At the same time, the literature demonstrates the availability of advanced analytical
tools (such as multi-source data fusion, machine learning techniques, and spatiotemporal
modeling) that are routinely applied to mobility analysis. The limited extension of these
methods to infrastructure-oriented applications suggests a misalignment between analyt-
ical capabilities and application domains within current FCD research. Addressing this
misalignment represents a key opportunity to broaden the scope of FCD beyond traffic per-
formance assessment toward more comprehensive monitoring of road network conditions,
while remaining fully within the FCD paradigm.

In this context, the development of standardized operational frameworks and valida-
tion procedures emerges as one of the main priorities for future research.
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Table 13. Main research gaps emerging from the reviewed literature and their implications for the
operational deployment of FCD-based infrastructure monitoring systems.

Research Gap Main Implication

Lack of fleet-level standardization Limited scalability and interoperability
Strong dependence on vehicle characteristics Reduced transferability across heterogeneous fleets
Limited calibration standardization Reduced comparability among studies
Small-scale experimental datasets Weak generalization capability
Inconsistent validation procedures Limited comparability and uncertain reliability across studies
Scarce long-term monitoring studies Uncertain reliability under real operational conditions
Heterogeneous sensing configurations Reproducibility challenges
Limited integration into PMS frameworks Reduced practical applicability

The table highlights the principal methodological and operational gaps emerging from the reviewed studies,
emphasizing the current limitations affecting the large-scale deployment, standardization, and transferability of
FCD-based pavement monitoring systems.

The geographical distribution of the included studies was uneven. Countries with a
moderate number of publications provide useful evidence for comparative interpretation,
but they do not necessarily support robust country-specific inference. This imbalance may
reflect differences in data availability, fleet penetration, institutional access, privacy and
governance frameworks, and investment in intelligent transport systems, and it limits the
direct transferability of some findings across national and transport-system contexts.

Despite the systematic structure adopted in this review, some limitations should
be acknowledged. The reviewed literature is characterized by substantial heterogeneity
in sensing configurations, validation procedures, experimental scales, and operational
contexts, limiting the possibility of direct quantitative comparison among studies. Further-
more, the extended interpretation of FCD adopted in this work includes heterogeneous
vehicle-borne sensing paradigms that may partially overlap with adjacent mobile sensing
approaches. Nevertheless, this broader perspective was intentionally adopted to capture
the evolving integration between mobile sensing technologies and infrastructure monitor-
ing applications.

A further methodological limitation concerns the use of a single reviewer for study
selection, data extraction, and methodological appraisal. Although predefined criteria and
a documented decision process were adopted to reduce subjectivity, reviewer-dependent
selection, extraction, or classification bias cannot be completely excluded.

Operational Pathway for Integrating Accelerometric FCD into PMS

To translate accelerometric FCD from experimental sensing into an operational Pave-
ment Management System, the evidence reviewed in this study suggests a six-stage path-
way linking data acquisition to maintenance decision-making (Table 14).

First, accelerometric measurements should be acquired together with synchronized
positioning, timestamp, speed, and essential vehicle and sensor metadata. This information
is required to distinguish road-induced responses from variations associated with vehicle
characteristics, sensor placement, and operating conditions.

Second, the raw signals should undergo quality control and preprocessing, including
sensor-axis alignment, gravity compensation where required, filtering, removal of implau-
sible observations, temporal synchronization, map matching, and segmentation according
to homogeneous road sections.

Third, measurements should be normalized to reduce the influence of speed, vehicle
type, suspension characteristics, tyre conditions, sensor configuration, and device hetero-
geneity. Calibration over reference road sections or the use of statistical correction models
may support comparability among different vehicles and acquisition campaigns.
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Table 14. Proposed operational pathway for integrating accelerometric FCD into Pavement Manage-
ment Systems.

Stage Principal Operations Main Output PMS Function

Data acquisition
Accelerometer/IMU, GNSS,
timestamp, speed, and vehicle and
sensor metadata.

Synchronized georeferenced
observations.

Traceable raw monitoring
data.

Quality control and
preprocessing

Filtering, orientation correction,
synchronization, outlier removal,
map matching, and road
segmentation.

Cleaned signals associated
with road segments. Reliable analytical input.

Normalization and
calibration

Correction for speed, vehicle type,
suspension, tyres, sensor location,
and device characteristics.

Comparable normalized
indicators. Cross-vehicle consistency.

Fleet-level aggregation
Combination of repeated passages
using robust statistics, persistence
analysis, and confidence scoring.

Segment-level condition or
anomaly indicators. Network-wide screening.

Validation and data
fusion

Comparison with profiler
measurements, IRI, inspections, or
distress inventories; fusion with
imagery and contextual data.

Validated condition estimates
with uncertainty information.

Reliable condition
assessment.

PMS integration and
feedback

Condition classes, thresholds,
inspection triggers, maintenance
prioritization, and post-intervention
updating.

Decision-ready PMS
information layer.

Planning, prioritization, and
continuous updating.

The framework synthesizes the methodological requirements and recurring limitations identified in the reviewed
literature. It should be interpreted as a proposed operational pathway rather than as a validated universal
implementation standard.

Fourth, normalized observations should be aggregated at fleet and road-segment
level. Multiple passages should be combined using robust statistical indicators, persistence
criteria, and confidence measures so that isolated events and vehicle-specific noise do not
directly generate pavement-condition alerts.

Fifth, the resulting indicators should be validated against independent reference
measurements, such as inertial-profiler surveys, International Roughness Index values,
visual inspections, or verified pavement-distress inventories. Their reliability may be
further improved through fusion with vehicle-mounted imagery, maintenance records,
traffic exposure, weather information, and other contextual data.

Finally, validated segment-level indicators should be translated into PMS-compatible
outputs, including condition classes, anomaly probability, severity or reliability scores,
inspection triggers, and maintenance-priority rankings. Subsequent inspections and main-
tenance interventions should provide feedback for periodic recalibration and continuous
improvement of the monitoring framework.

This pathway does not imply that a single universal model can be applied to every
fleet or road network. Rather, it defines the minimum functional stages required to support
transparent, transferable, and progressively scalable integration of accelerometric FCD into
pavement-management decision processes.

5. Conclusions
This systematic review examined the development of Floating Car Data (FCD) re-

search across transportation applications and showed that the field has reached substantial
methodological maturity in traffic- and mobility-oriented domains. The evidence base is
strongly concentrated around applications in which trajectory-derived variables can be
directly transformed into operational indicators, such as speed, travel time, congestion
patterns, route choice, and mobility dynamics. This explains why travel and traffic-state
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estimation and mobility-planning applications represent the dominant part of the reviewed
literature, accounting together for 100 of the 165 eligible publications (60.6%).

By contrast, the use of FCD for road-infrastructure monitoring remains considerably
less developed. Infrastructure monitoring was identified as the primary application domain
in only 20 publications (12.1%), and explicit integration with Pavement Management Sys-
tems (PMS) was reported in only 9 studies (5.5%). This imbalance indicates that the main
limitation is not the absence of vehicle-generated data or onboard sensing technologies.
GPS/GNSS trajectories, onboard telemetry, accelerometers, inertial sensors, smartphones,
black boxes, and vehicle-mounted devices are already present in the literature. The critical
gap lies instead in the transition from data availability and experimental feasibility to stan-
dardized, validated, and operationally transferable infrastructure-monitoring frameworks.

The results therefore suggest that FCD research is currently shaped by an asymmetry
between sensing potential and operational use. Traffic-oriented applications benefit from
relatively mature indicators, established processing pipelines, large-scale datasets, and
clearer validation targets. Pavement-condition applications, instead, require the interpreta-
tion of vehicle–road interaction signals that are affected by vehicle type, speed, suspension
characteristics, tyre conditions, sensor placement, sampling frequency, environmental
conditions, and driving behaviour. These factors cannot be treated as secondary sources
of noise; they are central methodological variables that must be normalized, calibrated,
or statistically controlled before accelerometric FCD can support reliable infrastructure-
management decisions.

A further pattern emerging from the review concerns the scale of implementation.
Many infrastructure-oriented studies demonstrate the feasibility of extracting road-surface
information from vehicle-borne sensing, but they often remain limited to specific vehi-
cles, controlled experiments, individual routes, short observation periods, or small fleets.
Only 15 publications (9.1%) reported operational or real-time deployment. This indicates a
transition gap between methodological proof of concept and network-wide implementa-
tion. The key research challenge is therefore not simply to improve individual detection
algorithms, but to move from vehicle-level measurements to fleet-level statistical aggrega-
tion, where repeated observations from heterogeneous vehicles can be transformed into
robust segment-level indicators, confidence scores, inspection triggers, and maintenance-
priority information.

The geographical distribution of the evidence also provides an important interpre-
tation of the field. The uneven distribution of studies across countries should not be
understood only as a bibliographic feature, but also as an indication of the conditions
that enable FCD research and deployment. Differences in data access, fleet penetration,
institutional capacity, collaboration between researchers and road authorities, privacy and
governance arrangements, and investment in intelligent transport systems influence where
FCD applications can be developed and validated. As a result, the findings of the review
should be interpreted as a systematic synthesis of the available international evidence,
rather than as proof of uniform global maturity or transferability.

The main contribution of this review is therefore twofold. First, it provides a structured
evidence map showing that FCD research is mature for traffic and mobility applications
but remains fragmented for infrastructure monitoring and PMS-oriented use. Second,
it identifies the operational pathway required to address this gap: accelerometric FCD
should be acquired together with positioning, speed, vehicle, and sensor metadata; pre-
processed and map-matched to road segments; normalized across vehicles and operating
conditions; aggregated at fleet and segment level; validated against independent pavement-
condition measurements; fused with complementary data sources; and translated into
PMS-compatible indicators.
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In addition, the integration of FCD-derived pavement indicators with road-safety and
crash-risk models represents a promising research direction. The increasing availability
of continuous vehicle-generated data has already proved valuable for monitoring trans-
port system performance, diagnosing operational conditions, and supporting data-driven
decision making in public transport systems [169–172]. Extending these approaches to
pavement monitoring could enable the integration of infrastructure conditions with road-
safety and crash-risk models. Since pavement condition may act as a contributing factor in
road-safety risk, future studies could investigate how continuous vehicle-derived monitor-
ing, historical crash data, and near-miss indicators can be jointly used to support proactive
infrastructure management and safety-oriented maintenance prioritization [173–175].

Future research should consequently focus less on demonstrating that vehicle-borne
sensors can detect individual road anomalies and more on developing transferable frame-
works for continuous, network-wide pavement assessment. Priority should be given to
fleet-level normalization, cross-site validation, long-term monitoring, uncertainty quan-
tification, multi-source data fusion, and the integration of FCD-derived indicators into
existing maintenance-planning processes. In this perspective, the future development
of FCD for infrastructure management depends not only on technological progress, but
also on methodological standardization, institutional data-governance arrangements, and
the ability of road authorities to incorporate new dynamic indicators into operational
PMS workflows.
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ARIMA AutoRegressive Integrated Moving Average
ASM Adaptive Smoothing Method
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CAN Controller Area Network
CNN Convolutional Neural Network
DBSCAN Density-Based Spatial Clustering of Applications with Noise
ETC Electronic Toll Collection
FCD Floating Car Data
GAN Generative Adversarial Network
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GLONASS Global Navigation Satellite System
GNSS Global Navigation Satellite System
GPS Global Positioning System
IMU Inertial Measurement Unit
IoT Internet of Things
IRI International Roughness Index
ITS Intelligent Transportation Systems
KDE Kernel Density Estimation
LSTM Long Short-Term Memory
ML Machine Learning
OBD On-Board Diagnostics
OEM Original Equipment Manufacturer
POI Point of Interest
PSM Phase-Based Smoothing Method
PSM-W Phase-Based Smoothing Method (Weighted variant)
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RMS Root Mean Square
SOM Self-Organizing Map
SULP Sustainable Urban Logistics Plan
SVR Support Vector Regression
UAV Unmanned Aerial Vehicle
V2I Vehicle-to-Infrastructure
V2V Vehicle-to-Vehicle
VSP Vehicle Specific Power
YOLO You Only Look Once
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