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Abstract

Massive and detailed data collected by the license plate recognition (LPR) systems installed at intersections
can offer opportunities and support for a wide range of research directions in the transportation field. This
paper summarizes the literatures on LPR-based research and corresponding methods from 2006 to the present,

demonstrating the significant role of LPR data across multiple transportation research domains. The study surveys
the literature and highlights how LPR data serves as a foundation for estimating and predicting traffic state,
analyzing travel demand, optimizing traffic control, and enhancing traffic safety management, owing to its unique
data advantages. By reviewing data modelling methods and models employed across different research directions,

breakthroughs in LPR data modelling.

this study proposes new opportunities for future innovations in applications of LPR data. Specifically, studies on
LPR-based traffic control strategies, proactive traffic management, intelligent vehicle infrastructure cooperative
systems, and other related areas remains relatively underdeveloped. The application of more advanced techniques,
such as reinforcement learning, hybrid learning, and large models (i.e. large language models and pre-trained
foundation models), as well as the development of LPR-oriented simulation environment, are needed for further

Keywords LPR, Traffic state, Travel demand, Traffic safety and security, Traffic control, Data mining

1 Introduction

The advancement of intelligent transportation systems
(ITS) has provided extensive traffic data for various
aspects of traffic analysis, traffic operations, and trans-
portation planning. Motor vehicle detection data gen-
erated from ITS can be divided into two categories: (1)
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fixed detector-based data and (2) probe vehicle data.
The former data mainly come from fixed devices such as
inductive loops, magnetometers, microwave detectors,
and auto vehicle identification (AVI) systems. The later
ones are collected from movable devices such as global
positioning system (GPS), on-board diagnostics (OBD)
recorders, and mobile phone sensors.

License plate recognition (LPR) system, as a class of
the AVI systems, are deployed in various traffic man-
agement scenarios, including intersections, ramps, and
parking facilities. Although a few studies have explored
the use of LPR data collected at ramps [49] or parking
entrances [67], such cases remain relatively uncommon
because LPR devices installed in these locations pro-
vide limited spatial coverage and discontinuous obser-
vations, making them insufficient to support in-depth
analyses across diverse research dimensions. In contrast,
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intersection-based LPR installations constitute the most
widely deployed and consistently utilized infrastructure
worldwide, offering broader coverage, higher continu-
ity, and richer spatiotemporal information. Therefore,
the present study focuses on LPR data collected at inter-
sections, which represents the predominant and most
methodologically scalable application scenario in existing
research.

The LPR data, derived from LPR system, is also known
by various terms such as automatic license plate recogni-
tion data [19], automatic number plate recognition data
[71], and vehicle license plate recognition data [111].
With rapid expansions of LPR systems in many regions,
it has captured many research attentions in recent years.
The first large-scale implementation of LPR system for
megacities was done by Transport for London, where
700 cameras are installed on all roads that cross the con-
gestion charging zone. Apart from the UK, the applica-
tion and technological development of LPR systems in
Europe have been longstanding, and the early deploy-
ment of these systems enabled European researchers to
explore LPR data at an earlier stage. This early start pro-
vided a demonstrative and foundational role for subse-
quent LPR-based studies conducted worldwide. Hadavi
et al. [25] reported wide coverage of LPR cameras in
European countries such as Belgium, Denmark, and the
Netherlands. From the perspective of vehicle detection
technology, countries like Germany, Italy, and France
have accumulated substantial results in vision-based
vehicle detection methods [75]. Studies on the applica-
tion and modeling of LPR data have also been ongoing
in Spain [4, 6, 7, 72], Sweden [36, 60], the UK [14, 47, 71,
89], and other European countries.

Over the past two decades, while some cities in the
USA have achieved high coverage of LPR cameras [69],
the installation of LPR devices at signalized intersec-
tions in Chinese cities, both large and small, has been
even more extensive [82, 94, 109]. Based on the geo-
graphic distribution of the literature reviewed in this
study, research communities in Asia, particularly China,
have been considerably more active in LPR-based studies
in recent years. This trend appears to be driven primar-
ily by differences in data availability rather than meth-
odological discrepancies. In Europe and North America,
increasing attention to data-privacy regulations has made
access to LPR data more challenging, and many studies
have shifted toward Bluetooth-based data, which share
fundamental information attributes with LPR data such
as device-level identifiers, timestamps, and movement
patterns [34, 39]. In contrast, the broader accessibility of
LPR data in China has enabled a larger volume of LPR-
based research, although the underlying data character-
istics used in these studies remain consistent with those
documented in earlier European deployments. With
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the advancement of LPR system technologies and their
increasing coverage globally, they are no longer limited
to ad-hoc traffic monitoring, parking management, and
public security applications. Instead, they may provide a
reliable data foundation for data-driven traffic manage-
ment, transportation planning and so on.

Incorporating multi-dimensional information such
as vehicle ID, passing timestamps, detection location,
and other vehicle attributes, LPR data offers advantages
in both macroscopic and microscopic traffic data analy-
sis. In general, LPR-based traffic datasets exhibits three
unique features: (1) accurate and complete timestamp
sequences for vehicles passing fixed detection points
across individual lanes, (2) easy acquisition of link travel
times enabled by vehicle tracking between upstream and
downstream LPR locations, and (3) lane-level or loca-
tion-specific traffic state estimation enabled by high-res-
olution monitoring at each detection point [25, 108].

Research on LPR data has been progressively develop-
ing over the past 20 years. Reviews on this research can
be categorized into two aspects: (1) reviews focusing on
the development of plate recognition algorithms and (2)
reviews on application studies based on LPR data (LPR-
based studies). For instance, Anagnostopoulos et al. [3]
and Du et al. [19] reviewed the development of plate
recognition techniques and algorithms in LPR systems,
while He et al. [29] summarized various aspects of LPR
data application, with a particular emphasis on traffic
state representation, including traffic state estimation
and prediction, network flow reconstruction, etc. Tang
et al. [84] conducted a review dealing with the techno-
logical development of LPR system, robustness of LPR
performance under different conditions, application
scenarios of LPR data, and relevant policies. However,
existing reviews lack an in-depth and comprehensive
investigation into the topics and methodologies of LPR-
based research in the transportation field. Furthermore,
the overall landscape and evolutionary directions of these
studies are missing.

To address the research gaps, this study provides a sys-
tematic review for the applications and methodologies of
LPR-based studies. Figure 1 illustrates the overall frame-
work of this study. The contributions of this study are
threefold.

« First, from the topic point of view, LPR-based studies
are summarized into four categories: (1) traffic
state estimation and prediction, (2) travel demand
analysis, (3) traffic control, and (4) traffic safety and
security. Each category is further subdivided into
various research branches, detailing the pros and
cons of LPR data and current research state within
these branches.
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Fig. 1 Overall framework of the review

+ Second, from the methodology point of view, the
methods used in LPR-based research are investigated
and categorized, with an analysis of the advantages
and inherent issues of each method in specific
research directions.

« Lastly, this study outlines future directions for
LPR-based research and identifies potential
methodologies for future exploration.

The rest of this paper is structured as follows. Section
2 demonstrates the methodology used to conduct the
review. Section 3 classifies LPR-based studies from the
topic point of view and analyzes the research trend for
the last ten years. Following this, methods and models
based on LPR data are introduced in Sect. 4. Section 5
discusses open research issues and future opportunities.
Finally, Sect. 6 provides the conclusions of this review.

2 Methodology

To address the research gaps outlined in this study, rel-
evant works were identified using a few stages. First,
relevant literature was collected from Web of Science,
Scopus, and ProQuest databases using combinations of
keywords such as LPR, NPR, ITS, along with terms repre-
senting various aspects of the transportation field, includ-
ing traffic signal control, traffic safety, travel demand, etc.
Based on the overall research trends of LPR-based stud-
ies, the time span for the relevant literature was set to the
past 20 years (from 2006 to the present).

]
| Methodologies

® Operational research methods

Mathematical programming
Graph theory

® Statistical methods

Bayes’ theorem .,
Regression analysis [
Filtering algorithm =

Others

® Machine learning methods

Traditional machine learning

Deep learning mm
Hybrid learning |8
Reinforcement learning ~—

Besides, the abstracts and conclusions of relevant
works were reviewed and filtered through a screening
process with three criteria to meet the purpose of this
study:

+ Studies that explore the processing or mining of LPR
data, with a focus on its contributions to key areas
in the transportation field such as traffic control,
transportation planning, and traffic safety.

«+ For innovative LPR data mining research, a clear
methodological framework or model should
be established to complete tasks such as data
preprocessing, information extraction, and data
analysis.

+ In data fusion research, LPR data should serve as
the primary source of information extraction, rather
than as an auxiliary task.

Additionally, the snowball search method was applied to
find more related studies by cross-referencing the stud-
ies discovered from previous stages. Finally, following the
literature filtering and selection stages, 103 works were
used to conduct the systematic literature review.

3 Topics in LPR-based studies

Over the last decade, research on LPR data has rapidly
increased, establishing a distinct research trend that can
be categorized into four major fields: (1) traffic state esti-
mation and prediction, (2) travel demand analysis, (3)
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traffic control, and (4) traffic safety and security. Figure 2
outlines the popularity of the four fields from 2016 to the
present, where y-axis is the number of relevant studies
for each topic.

The trend indicates that studies concerning traffic state
estimation and travel demand prediction has always been
popular. Conversely, research initiatives in the realm
of traffic safety and security emerged at an earlier junc-
ture, while recent years have witnessed a shift in research
focus towards the domain of traffic control. Also, each
category can further be divided, where we will elaborate
in the following subsections.

3.1 Traffic state estimation and prediction
Given the rich information of large LPR dataset, it is
widely applied in various studies concerning the estima-
tion and prediction of traffic state. The main research
directions are as follows.

+ Travel time estimation and prediction: one of the
most prevalent research domains within LPR data is
travel time estimation [17, 59, 105], prediction [20,
21], and distribution estimation [22, 43]. Timestamp
details of LPR data inherently include both vehicle-
level and traffic-flow-level information, such as
vehicle queues and delays at the intersections. By
inferring traffic state parameters from different
dimensions, further in-depth studies can be
conducted, such as the modelling of travel time
distribution. In this context, a notable feature of
LPR data is its high penetration rate among passing

16

14

12

10

Frequency

Page 4 of 17

vehicles, which allows travel time distributions to be
estimated more reliably and enables researchers to
better capture the inherent variability and patterns
for travel times. Research has revealed considerable
variations in travel time distribution and reliability
among different granularities such as urban arterials
[11, 36, 64], expressways [41], and networks [113].

+ Traffic flow (mainly traffic volume and speed)
estimation and prediction: In addition to timestamp
information, LPR data also includes the intersection
IDs and passing direction details of the vehicles.
With the support of road network topology data,
insights such as traffic volume and speed on specific
road segments can be further inferred. The robust
traffic flow patterns that can be extracted from
the large-scale LPR data, which is oriented toward
various types of motor vehicles, are irreplaceable by
other types of sparse data. As a consistently popular
topic, estimation and prediction of traffic flow-
related parameters encompasses various aspects
such as traffic volume [23, 73, 78, 85, 86, 107, 110]
and average traffic speed [70, 96]. To capture the
spatiotemporal heterogeneity of traffic flow, data
fusion frameworks that integrate data from media
check-ins, point of interest (POIs), and GPS sources
have also been used [74, 91, 96].

+ Queue length estimation and prediction: embedded
information like stop line passing times and
discharge headways can be leveraged to estimate
queue lengths through time-space diagrams by
mining large volumes of LPR data [51, 58, 76, 1, 88,

@ Traffic state estimation and prediction
[ Travel demand analysis

Signal control

) . optimization
[ Traffic safety and security
3 Traffic control
Signal timing Signal control
inference Keylroutes optimization
OD matrix OD matrix o
prediction prediction Vehicle activity [Subarea partition
Vehicle activity pattern Signal timing Signal control T
pattern OD matrix inference optimization Subarea partitiony
estimation
Shared mobilit:
OD matrix Trajectory aredimobfiity Signal timing Signal control
estimation reconstruction Key routes inference Subarea partition optimization
Vehicle activity Y P
Companion ) pattern ) Vehicle activity a Potential travel
velEeS Vehicle count Vehicle count pattern Accident factors hotspots Key routes
) - Vehicle activity | Cyclic arrival OD matrix
L [Pt UEIHE SEiE Trajectory pattern rates prediction
OD matrix Anomalous Queue length Trajectory Queue length | reconstruction Trajectory Tertrntenilback
estimation trajectory prediction reconstruction estimation reconstruction P! Trajectory
Vehicle activity " Queue length Travel time ) . Queue length | reconstruction
pattern Shared mobility e Eatior prediction Arrival pattern | Arrival pattern e ation
" Traffic flow . Saturation flow Traffic flow . Travel time Queue length
Sz il estimation Tl i rate estimation Vil @enriié estimation estimation
Companion Travel time Trajectory Travel time Traffic flow Traffic flow Travel time Travel time Travel time
vehicles prediction reconstruction distribution prediction estimation distribution distribution estimation
PP Traffic flow
Delay distribution . q . icti
Y Travel time Travel time Queue length Traffic flow Queue length Traffic flow prediction Traffic state
Travel time distribution Traffic flow estimation estimation prediction estimation prediction
estimation estimation
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Year

Fig. 2 Research topics distribution from 2016 to the present
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93, 108]. Additionally, the lane-level information
recorded for individual vehicles enables the
forecasting of travel demand at downstream
intersections, making the prediction of queue
lengths at these intersections feasible [42]. To
further leverage the advantages of different data
types and improve experimental accuracy, Tan et
al. [81] constructed a data fusion framework that
leverages the queueing attributes of LPR data and the
continuity attributes of GPS data to estimate lane-
based queue lengths at signalized intersections.

+ Others: as mentioned above, LPR data allows for
the extracting of arrival patterns at the intersection
level, providing valuable information such as arrival
rate and time headway within both upstream and
downstream detection areas [1, 42, 43]. Besides the
conventional research areas described earlier, studies
also use LPR data for estimating delay distribution
at signalized intersections [12], speed profile and
emissions [63], and saturation flow rate of mixed
traffic flows [90]. With the high coverage of LPR
cameras, studies on link dynamic vehicle counting,
which indicates road occupancy rates and offers
useful inputs for signal control optimization, have
also become feasible [26, 27]. Additionally, LPR-
based research covers the classification of traffic
states, aiming to categorize the severity of traffic
congestion in urban networks based on traffic state
parameters such as travel time and traffic flow
[18,77, 83, 109]. Recently, some studies have also
explored cyclic arrival rates [2] and the identification
of left-turn spillback [94] at signalized intersections
using LPR data.

Compared to other types of traffic data, LPR systems
can provide a rich and robust traffic state information
without explicitly accounting for data penetration rate,
covering spatial scales from the macro network level and
meso link level to the micro intersection level. However,
it is important to note that although LPR records can be
linked through timestamp order and intersection con-
nectivity, the data may not be truly continuous. In fact,
LPR data reveals its limitations in certain micro-level
traffic state parameter extraction tasks that rely on con-
tinuous data characteristics. Therefore, a trade-off must
be made between the high-coverage LPR data and the
highly continuous probe vehicle data to improve research
accuracy.

3.2 Travel demand analysis

The high coverage rates of LPR data provides valuable
insights for understanding detailed vehicle-based travel
demand. The main research directions are as follows.

.
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Trajectory reconstruction: vehicle trajectories are
important for understanding traffic conditions and
travel demand patterns. In this context, LPR-based
trajectory reconstruction data typically offers high
coverage and representativeness, providing strong
support for various subsequent tasks, such as travel
pattern and demand analysis. On one hand, LPR
systems installed at intersections may not capture
complete vehicle trajectories when there are missing
data or just no cameras on some road sections. To
address the issue of LPR detection not providing
complete coverage of all intersections within a
road network, many ongoing research focused on
reconstructing vehicle trajectories utilizing LPR data
[9, 28, 46, 68, 100, 106]. On the other hand, unlike
other types of traffic data, LPR systems are able to
provide lane information of vehicle’s movement (i.e.,
straight or turning). This information facilitates the
direct reconstruction of trajectories when missing
information for a specific vehicle spans less than two
consecutive intersections. In order to enhance the
accuracy and robustness of trajectory reconstruction,
many studies also proposed data fusion frameworks
incorporating probe vehicle-based data,
predominantly GPS data [5, 16, 61].

Origin-destination (OD) matrix estimation and
prediction: after preprocessing LPR data to separate
trip chains, the vast amount of resulting sub-trip
data offers a significant advantage in representing
transportation network vehicle-based travel demand
compared to other datasets. Vehicle trajectories
extracted from LPR data have been widely used for
the estimation [62, 66, 87] and prediction [33, 53,
112] of network-level OD matrices, providing more
precise and representative results at lower cost
compared to traditional vehicle OD survey methods.
However, it is worth noting that using LPR data to
generate OD information captures only the travel
patterns of licensed-plated motor vehicles, excluding
other modes of transport like non-motorized or rail-
based vehicles.

Vehicle activity pattern: with the trip chains
extracted from LPR data, another important research
branch is to use them to identify and analyze
regional vehicle activity patterns based on clustering
or other machine learning techniques [8, 10, 30, 31,
79, 95]. Research in this area spans different levels
of travel pattern including microscopic commuting
[104] and non-commuting [89] travel demand for
car commuters, and macroscopic analyzes of travel
patterns within regional urban network [56].

Others: studies related to travel demand analysis also
includes the identification of key routes, prediction
of potential travel hotspots, and analysis of shared
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mobility. For example, Yao et al. [103] and Liu et

al. [52] recognized routes with high traffic demand
within the road network using LPR data. Since LPR
data provides fined-grained trajectory-based activity
patterns in urban areas, research also explored the
feasibility and benefits of shared mobility [44, 55]
based on LPR data. Mining and processing the latent
travel demand embedded within LPR data can also
facilitate predictive analyzes for potential travel
hotspots [99].

Despite the vast amount of license plate-oriented
trip information provided by LPR data, which strongly
supports various branches of travel demand analysis
research, its limitations are evident. Specifically, the data
recorded by LPR systems is restricted to motor vehicles
traveling on the road, and thus cannot objectively or
accurately capture the macro-scale urban mobility pat-
terns across all travel modes, unlike data from sources
such as cellular probe data.

3.3 Traffic control

As LPR data contains information on both traffic con-
ditions and travel demand patterns, it holds significant
potential for application in traffic control. The focuses are
as follows.

+ Signal control optimization: since LPR data can be
used to predict operational status and traffic demand
within transportation networks, it facilitates research
endeavors in optimizing signal control strategies.
Notably, the real time generation of LPR data offers
a dynamic and closed loop feedback mechanism
for traffic signal control, thereby enhancing the
operational efficiency of traffic management
initiatives. However, current research based on LPR
data is predominantly confined to the optimizing
signal control for isolated intersection [65, 92] or
arterial coordination [13, 45, 83, 98]. There is a lack
of studies on network-level control [57].

+ Signal timing inference: considering the limited
transparency and periodic updates of signal timing
schemes in different regions, the inference of signal
timing is crucial for several application fields like
real-time navigation guidance. Since LPR data can
be used to detect vehicle queueing status and the
passage of vehicles through stop lines, signal timing
schemes for each intersection can be inferred from
the integrated statistics of vehicle queueing or
movement statuses [43, 48, 102, 109].

+ Subarea partition: the main objective of subarea
partition is to determine the optimal segmentation
of urban arterials [38] or networks [37] to facilitate
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traffic demand-based coordinated signal control.
Utilizing the OD flow information extracted

from LPR data, a correlation analysis of OD flow
matrices is conducted for subarea partition using
graph segmentation algorithms. Recently, Hu et al.
[32] have introduced a multi-step hybrid subarea
partitioning approach, offering a new perspective for
LPR-based subarea partitioning research.

Although LPR data demonstrates superior perfor-
mance in supporting applications within the traffic con-
trol domain, LPR-based studies in this field remains
limited. This is primarily because establishing real-time
LPR data-driven decision-feedback mechanisms for con-
trol optimization (mainly traffic signal control and sub-
area partitioning) remains highly challenging. In fact,
existing studies on signal control optimization and sub-
area partitioning based on LPR data have so far only vali-
dated their models at the simulation level.

3.4 Traffic safety and security

Given the rich traffic state information embedded in LPR
data, the extensive data generated by high-coverage LPR
systems provides significant advantage for multifactorial
analyzes of traffic safety issues, such as traffic conges-
tion and incident analysis, thereby offering a foundational
basis for decision-making in traffic safety management.
Additionally, leveraging LPR data for spatiotemporal
information mining has also facilitated research on iden-
tifying companion vehicles and anomalous trajectories.

+ Traffic congestion and accident analysis: LPR data
harbors various traffic-related information (traffic
volume, average traffic speed, travel time, congestion
levels, etc.), making it a robust foundation for studies
on traffic congestion and incidents, especially
for understanding causes and factors for traffic
accidents. As a pioneering city in large-scale LPR
deployment, London provided the LPR data used by
Chow et al. [14] to conduct an empirical analysis of
traffic congestion in its central area. Xu et al. [97], on
the other hand, integrated LPR data with accident
records, network topology data, and POI data to
conduct a multifactorial analysis of how traffic state
information, road network structural characteristics,
and built environment factors influence traffic safety.

+ Companion vehicles identification: companion
vehicles are defined as vehicles that coexist within
a specific temporal and spatial window. Identifying
companion vehicles is helpful for various areas
like transportation management and military
surveillance. With the spatial and temporal
information recorded by LPR systems, techniques
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for identifying companion vehicles find broad
applications across diverse domains such as traffic
management and safeguarding specialized vehicles
[50]. Existing studies have relied on sequence mining
as an analytical framework [40, 111, 114].

+ Anomalous trajectory detection: the LPR system
plays a dominant role in traffic supervision
conducted by Chinese traffic police. It also supports
anomalous trajectory identification research
conducted by domestic scholars in China, utilizing
the LPR data collected by the system [24, 80].

Figure 2 shows a significant decline in traffic safety and
security research in recent years. Although LPR data can
sometimes be supportive of traffic safety analysis, it does
not directly include safety information. This limitation
makes it challenging to conduct more in-depth, insight-
ful, and extensive applications using LPR data in this
domain.

4 Methodologies of LPR-based modelling

While many research directly employ sequence min-
ing and analytical techniques for LPR data implementa-
tion [50, 83, 88, 106], the methods or models employed
in LPR-based research can be broadly categorized into
three domains: operational research (OR) methods, sta-
tistical methods, and machine learning (ML) methods.
These methods are applied to different research topics
that are summarized in Table 1.

4.1 Operational research methods

OR methods involved in LPR-based studies consist of
two major branches, namely graph theory and mathe-
matical programming.

+ Graph theory: if intersections in a road network
are considered as graph nodes and the links
between them as graph edges, graph theory offers
an unparalleled analytical perspective for analyzing
LPR data integrated with road network topology
information. Graph theory has been widely employed
in LPR data applications to address problems within
the domain of travel demand analysis. For instance,
in LPR-based trajectory reconstruction, K-shortest
paths (KSP, mainly based on Dijkstra algorithm)
has been used to generate potential routes between
two intersections, complementing the missing data
in LPR records [28, 68]. However, conventional
graph theory not only faces the dimensionality curse
in complex network systems but also encounters
significant limitations in extracting and representing

graph embeddings.
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+ Mathematical programming (MP): many real-
world transportation issues can be formulated as
optimization problems, enabling the application of
MP models for solutions. As demonstrated in Table
1, weighted quadratic function, ordinary least square
(OLS) model, integer programming, mixed integer
linear programming (MILP), model predictive
control (MPC), etc., have been employed in research
issues such as traffic flow (including traffic volume
and average traffic speed) estimation, trajectory
reconstruction, OD estimation, and signal control
optimization. Some studies, like the staircase vehicle
order-changing model proposed by Deng et al. [16]
and the stochastic user equilibrium (SUE) principle-
based path-flow estimator proposed by Yang and
Sun [100], proposed MP models directly oriented
by traffic theories. Notably, for complex problems
involving multiple objectives, constraints, and non-
convexity, MP models pose considerable challenges
and limitations in terms of modelling difficulty and
model convergence.

4.2 Statistical methods

Statistical methods provide a systematic framework for
collecting, organizing, analyzing, and interpreting data,
and play an irreplaceable role in inferring general pat-
terns and regularities from traffic data. The diverse array
of statistical methods implicated in LPR-based studies
can be summarized as follows.

+ Bayes’ theorem: as a fundamental statistical
principle that allows for the calculation of
conditional probabilities by incorporating prior
knowledge and new empirical evidence, Bayes’
theorem finds widespread application in state
inference of stochastic traffic processes. Specifically,
Bayes’ theory not only serves as a theoretical
underpinning for inferring complex relationships
among diverse factors in hierarchical and multi-
level analysis regarding traffic congestion and
accidents issues, but also provides a principled
basis for trajectory reconstruction tasks based on
traffic information mined from LPR data, as well
as providing theoretical foundations for certain
machine learning models (Table 1). Notably, due to
its reliance on the prior distribution of data, Bayes’
theorem has limited robustness when handling
missing or anomalous data.

+ Markov chain: in transportation research, Markov
chains are frequently utilized to represent state
transitions in stochastic traffic systems characterized
by memoryless properties. Table 1 demonstrates
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Table 1 Utilization of various methods or models across different topics
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Topics

OR methods

Statistical methods

ML methods

Travel time estimation

Travel time prediction

Travel time distribution

Traffic flow estimation

Traffic flow prediction

Queue length
estimation

Queue length
prediction

Link dynamic vehicle
count

Trajectory
reconstruction

OD estimation

OD prediction
Vehicle activity pattern

Shared mobility
Potential travel
hotspots

Traffic congestion and
accident analysis

Companion vehicles
Signal timing inference

Subarea partition

Signal control
optimization

Longest Common Subsequence
+Broyden-Fletcher-Goldfarb-Shanno
Algorithm [91]

Weighted Quadratic Function [7], Ki-
nematic Wave +Variational Theory [61],
PF-Path Flow Estimator Satisfying SUE
principle [100], KSP +Analytic Hierarchy
Process with Entropy Weight Method
[28], Staircase Vehicle Order-changing
Model [16], KSP +extremely randomized
trees +TOPSIS [54]

Two-step OLS Model [62]

Integer Programming [44, 55]

Correlation-degree Model +Newman
Fast algorithm [37], Similarity analyzes
+Aggregation-based Principle [38]

MILP Model Named Multipath-Band
[98], MPC [45], MILP [13], Multi-objective
dynamic programming [57]

Dion's Algorithm [17],
Cycle-based travel-
time filtering [105]
DLM [47], DLM with
Markov Switching
[21], Extended KF [60]

Queue Lengthin
Immediate Past Cycle
Model + LR [58]

KDE [26]

Bayesian Network
[72], Bayes Theorem
[9], PF [69]

LR [14], Geographi-
cal and Temporal
Weighted Regression
[97]

CFSDP [59]
LSTM-CNN [20]

LMM [36], FGM Copula [11], Bayesian +Shannon’s Infor-
mation Entropy [22], GMM [43], Modified GMM [41]

CTD [74], JS Divergence +Ensemble SVR [96]

GA-LSTM [86], Independent XGBoost with Spatial Lag
[78], STGGAT [85], Trajectory-based RNN [73], STMGG
[107], Bayesian LSTM-CNN [23], k-Nearest Neighbor [110],
GCN-GRU Federated Learning [15]

Gaussian Process Interpolation + Markov Chain Monte
Carlo +Boundary Constrained Car-following Model [108],
Bayesian + KDE [81], Light-weighted Gaussian Process
Model [109], RF [51], GMM [82]

GRU [42]

GRU +Bayesian + Improved Complete Ensemble Empiri-
cal Mode Decomposition with Adaptive Noise model [27]

Semi-supervised Route Choice Model [5], Improved KSP
+ AE [68], Unsupervised Bayesian Inverse RL [46], Spatio-
temporal residual networks + Path Flow Estimator [101]

Time-Varying Mixture Model of Discrete-Time Markov
Chains [40], GA-CNN [66], Res3D [87]

PCA + KF [53, 112], k-means +Transformer [33]

k-means [4, 8,10, 31, 79], Ward's Hierarchical Clustering
[30], DBSCAN +CFSDP +Decision Tree [104], k-means +
PCA +TD [56]

KSC-TD [99]

MCM Model [40]

Customized WSMM [109], DBSCAN +Phase WSMM with
Average Phase Duration [48], k-means + OLS [102]
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their usage not only in dynamic linear models (DLM)
for predicting travel times but also as the theoretical
basis for certain machine learning models. However,
the assumption that future states depend solely

on the current state may limit its effectiveness in
modelling complex traffic scenarios, particularly in
prediction tasks.

Filtering algorithm: in stochastic traffic processes,
filtering algorithms help to determine the state of

a particular system based on an incomplete and
possibly noisy set of observations. In this context,
particle filters (PF) are employed for reconstructing
trajectories from defective LPR data [69, 100],

while Kalman filters (KF) have been proposed for
predicting travel time on urban arterials [60] and
network-level OD [53, 112]. Also, Dion and Rakha ,
[17] introduced a dynamic low-pass adaptive filtering
algorithm, which effectively extracts travel times
from low-sampling-rate LPR data. Dion’s Algorithm,
known for its robustness and precision in extracting
travel time from sparse LPR data, has become a
benchmark model for many subsequent studies in
this field. The main limitation of filtering algorithms
lies in their reliance on several empirical assumptions
(or prior knowledge) to handle uncertainty and noise
in data sources. However, these assumptions often
deviate from real-world conditions, which limits
their performance.

Regression analysis: regression analysis serves

as a statistical method for investigating the
association between one or multiple independent
(explanatory) variables and a dependent (response)
variable. As evidenced by Table 1, regression

models are extensively utilized in studying factors
contributing to traffic congestion and accidents.
However, a notable critique of regression analysis

is that statistically significant results do not

always correspond to meaningful or physically
interpretable relationships in real-world phenomena.
Consequently, the reliability of analytical outcomes is
contingent upon, and confined to the traffic-related
explanatory variables extracted through LPR data
mining efforts.

Others: other than the methods mentioned above,
DLMs have been proposed in LPR-based travel

time estimation and prediction works, while the
personalized choice model (PCM) has also shown
promising results in characterizing vehicle activity
patterns in urban networks (Table 1).
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4.3 Machine learning methods

As a subfield of artificial intelligence (AI), ML methods,
while largely grounded in statistics, are characterized by
their capacity to empower models to autonomously dis-
cern patterns and regularities from data. In contrast to
statistical methods, ML obviates the need for manually
crafting all rules. The realm of ML-based research using
LPR data can be divided into four categories based on the
learning paradigms of ML, including (1) traditional ML,
(2) deep learning (DL), (3) reinforcement learning (RL),
and (4) hybrid learning (HL).

.

Traditional ML: traditional ML models are
commonly divided into supervised and unsupervised
learning, each demonstrating distinct capabilities
in handling different types of tasks. Unsupervised
learning models aim to train on large volumes of
unlabeled data to uncover inherent patterns, classify
data, and perform dimensionality reduction, etc.
When combined with algorithms like expectation
maximization (EM), models such as lognormal
mixture model (LMM), Farlie-Gumbel-Morgenstern
(FGM) copula, Gaussian mixture model (GMM), and
kernel density estimation (KDE) are extensively used
for probability density estimation due to their ability
to accurately estimate the parameters of probability
distributions. These models find wide applications
in estimating travel time distributions and queue
lengths using large-scale LPR data. Markov chain
mixture (MCM) models, inspired by Markov chain
theory, have been applied in companion vehicle
identification tasks. Clustering models like adaptive
clustering by fast search and find of density peaks
(CEFSDP) are employed not only in travel time
estimation, but also in categorizing and analyzing
network-level vehicle activity patterns, along with
other clustering methods like k-means, Ward’s
hierarchical clustering, and density-based spatial
clustering of applications with noise (DBSCAN).
Furthermore, collaborative tensor decomposition
(CTD) and principal component analysis (PCA) are
utilized for data dimensionality reduction in tasks
such as traffic flow estimation, OD prediction, and
vehicle activity pattern recognition. In supervised
learning, methods including support vector
regression (SVR), linear regression (LR), XGBoost,
and Random Forest (RF) serve various purposes
in different research directions, encompassing
both regression and classification tasks, by
extracting features and fitting model parameters
on labeled data. Notably, the weighted soft margin
maximization (WSMM) method, a variant of
support vector machines (SVM), exhibits unique
applications in signal timing inference tasks.
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DL: by employing various mechanism to associate
and modify layers of neurons within neural
networks, DL has made a significant advancement
over traditional neural networks, thereby facilitating
the extraction of intricate patterns and higher-level
features from multidimensional data sources such as
LPR data. Different forms for DL are applied across
various LPR-based research domains, as indicated in
Table 1. For instance, deep neural networks (DNN)
like autoencoders (AE) have demonstrated robust
and accurate results in trajectory reconstruction
works. In network-level studies such like OD
estimation, convolutional neural network (CNN),
typically used for image recognition and analysis
has been proposed. Recurrent neural network
(RNN), long short-term memory (LSTM), and
gated recurrent unit (GRU), are adept at capturing
temporal dependencies within data sequences,
making them suitable for tasks like traffic flow and
queue length prediction. Recently, Dai et al. [15]
integrated a graph convolutional network (GCN)
and GRU into a federated learning framework for
the task of traffic flow prediction, addressing the
data security and privacy issues of different data-
providing participants. Nevertheless, the lack of
interpretability in DL and the trial-and-error nature
of its hyperparameter tuning have been widely
criticized.

RL: RL is designed to facilitate agents’ acquisition
of optimal policies for a given task by interacting
with a specific traffic environment. While referred
to as “approximate dynamic programming’, RL
operates without the need for a complete model
of the environment, thus accommodating ongoing
adjustments and optimization of decision-making
processes. The aforementioned characteristic
makes RL advantageous in addressing challenges
pertaining to model representation and convergence
that are encountered in certain MP approaches.
Nevertheless, apart from the approach suggested by
Li et al. [46] that combines inverse RL method with
Bayesian inference for trajectory reconstruction, RL
methods are rarely utilized in LPR-based research.
HL: by integrating multiple ML models or
other techniques, HL enhances the performance
of learning models in capturing complex data
features and spatiotemporal patterns, leveraging
the strengths of diverse methodologies to achieve
higher generalization, accuracy, and robustness.
Table 1 indicates the prevalent utilization of
HL methodologies in capturing spatiotemporal
heterogeneity in LPR data for studying traffic states
and travel demand. These methods encompass
various applications, including LSTM-CNN for
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travel time and traffic flow prediction, generic
algorithm with attention-based LSTM (GA-LSTM)
for traffic flow prediction, as well as Spatiotemporal
Gated Graph Attention Network (STGGAT)

and Spatiotemporal Multigraph Gated Network
(STMGG). Additionally, HL methods extend to OD
estimation, featuring models such as GA-CNN and
3D convolution-based deep neural network (Res3D).
Recently, K-shape clustering transformer-decoder
(KSC-TD) has also been utilized for predicting
potential travel hotspots. Similar to DL methods,
the interpretability issues arising from the “black-
box” characteristic of HL models during the training
process remain a significant challenge.

4.4 Discussion

Figure 3 demonstrates the proportions of three types
of methods utilized in LPR-based studies for the last 10
years, as referenced in the literature listed in Table 1. The
trend shows that ML has become the dominant method
in LPR-based research, while OR and statistical meth-
ods are used less frequently. Complex ML frameworks
can deliver more precise and robust predictive results
by extracting higher-level features, incorporating atten-
tion mechanisms, and leveraging temporal analysis
capabilities. However, challenges such as limited inter-
pretability, restricted transferability, high computational
requirements, and overfitting issues remain significant
hurdles to the advancement of these techniques. In the
meanwhile, though less popular in recent years, both
OR and statistical methods retain distinct modeling log-
ics, characteristics, and advantages for addressing spe-
cific transportation issues, supported by their substantial
theoretical foundations. Thus, selecting techniques
aligned with core transportation principles is crucial for
effectively resolving key challenges while minimizing
issues of interpretability and transferability of specific
methodology.

A synthesis of the reviewed literature suggests that cer-
tain LPR-oriented data processing and modeling tasks
exhibit clear methodological preferences, indicating that
specific techniques have become widely regarded as well-
suited for particular research directions. Specifically,
the use of statistical distribution-fitting models for esti-
mating travel time reliability has become an established
research paradigm. Similar to predictive studies on spa-
tiotemporal series in other domains, various neural net-
work models and their variants have been widely adopted
for forecasting traffic states, including travel time, traffic
flow, and queue length. In addition, clustering models
have consistently proven to be effective tools for classi-
fying and analyzing motor-vehicle travel behavior. Graph
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partitioning methods are frequently applied in studies on
subarea partitioning. Furthermore, WSMM-type mod-
els have emerged as benchmark approaches for inferring
intersection signal timing plans. These methodological

patte

rns highlight that different approaches inherently

exhibit varying levels of suitability for distinct tasks,
reflecting their alignment with the underlying nature of

the p

roblems they aim to address.

5 Open research issues and future opportunities
Building on the synthesis of trends and methodologies
in LPR-based research discussed in Sects. 3 and 4, this
section highlights several the open research issues and
future opportunities for using LPR data.

5.1 Explorations in research directions

The

tions

3

challenges and opportunities of LPR data applica-
lie in the following aspects.

Full trajectory reconstruction: Although there is
considerable research on LPR-based trajectory
reconstruction, the majority of studies strongly
relies on empirical assumptions or prior knowledge
during the reconstruction process (e.g., people tend
to choose shorter paths with fewer intersections).
These assumptions, although reasonable to some
extent, may not necessarily align with all real-world
scenarios, limiting the accuracy and completeness
of the reconstructed trajectories. Additionally, some
intersections or specific entry directions without LPR
devices are underrepresented in the reconstructed

data, resulting in quasi-complete trajectory
reconstruction. Therefore, further investigation into
path selection factors in urban mobility and the
exploration of optimization methods for trajectory
reconstruction are essential for advancing LPR-based
studies and achieving full trajectory reconstruction.
Traffic control optimization: LPR data can be
interpreted as trajectory data from a macroscopic
perspective, while at the micro level, it contains
extensive traffic state information at both network
and intersection levels. Therefore, it is evident

that LPR data not only provide environmental

and state-related information for RL methods,

but also offer substantial parameter support for
MPC methods in signal control optimization
research. Furthermore, the substantial volume of
data generated by high-coverage LPR systems is
instrumental in developing highly accurate signal
timing plans. It also facilitates the segmentation

of network subareas according to traffic demand.
Specifically, LPR data implementation within this
domain reveals several notable research gaps: (1)
Current traffic signal control models primarily focus
on optimizing control delay. In contrast, the ability of
LPR data to provide dynamic, reliable travel time and
actual delay information offers a strong foundation
for continuously optimizing control strategies
through online learning methods with accurate
real-time feedback within a closed-loop system.
Nevertheless, this area remains underdeveloped.

(2) Also, network-level coordination controls are
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rarely explored in existing LPR-based studies. (3)

In control subarea partition domain, LPR data can
provide a new perspective for subarea partitioning
optimization given its capability in capturing
accurate and comprehensive traffic flow relationships
between upstream and downstream intersections
compared to floating car data. This capability also
offers the potential to develop advanced evaluation
metrics and computational methods for subarea
partitioning. (4) Research on trajectory-based signal
control optimization and the combination of route
and signal control optimization based on these

data characteristics also holds great potential for
exploration.

Development of proactive traffic management: as a
cutting edge and future-oriented traffic operation
approach, proactive traffic management requires
accurate support in predicting traffic conditions,
travel demand, and other related factors. LPR

data, with its high coverage and rich embedded
information, serves as a highly valuable data

source for such prediction tasks. However, Fig. 2
and Table 1 show that the majority of LPR-based
studies focus on estimating traffic scenarios (traffic
state, OD, accident, etc.), as opposed to prediction.
Predictive modelling of traffic scenarios constitutes
a crucial aspect in transitioning from passive
management to active optimization within ITS,
thereby facilitating a significant advancement in
transportation system management and operations,
transportation emergency management, and even
autonomous driving technologies. Specifically,
studies on traffic state and demand prediction, OD
prediction, travel time distribution prediction, and
parking demand prediction, are highly anticipated
for future exploration. With the advancement of the
aforementioned work, in addition to signal control,
related research could also be conducted in areas
such as dynamic speed limits, dynamic hard shoulder
running, and accurate ramp control.

Calibration of regional traffic flow model
parameters: LPR data encompass rich traffic
flow-related information. Recognizing that traffic
flow characteristics vary across regions, and the
relationships among the fundamental parameters of
volume, speed, and density can deviate significantly
from classical traffic flow theory. Mining large-scale
LPR data, which integrates characteristics of fixed
detectors and probe vehicles, enables researches to
extract insights into these parameters. This process
facilitates the calibration of traffic flow models at
the network or arterial level within a specific area,
uncovering the interrelationships among these

key parameters. Such calibration signifies a deeper
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understanding of the interactions between traffic
demand, traffic conditions, and roadway capacity,
providing a strong basis for subsequent research
and applications at both macro levels, such as
transportation system management and operations,
and micro levels, including the identification of
traffic anomalies.

Intelligent vehicle infrastructure cooperative systems
(IVICS): the LPR system collects specific vehicle
information for individual license plate numbers. Its
wide coverage and fine-grained data characteristics
give it a significant advantage in the field of IVICS.
Based on this, in addition to the aforementioned
areas, LPR data also holds potential for research
directions such as driving route optimization,
cooperative adaptive cruise control, platooning and
fleet management, and connected autonomous
vehicles.

5.2 Innovations in methodologies

Future innovations for methodologies with LPR data
could focus not only on emerging techniques such as HL,
RL, or large models but also on exploring new simulation
modeling paradigms for LPR data.

.

HL and RL methods: with the ability to extract
complex features from multi-dimensional

data and the integration of powerful, scalable
training-feedback mechanisms, HL and RL, built
upon traditional ML methods, have emerged as
increasingly robust, accurate and flexible tools for
big data analysis in recent years. Compared to other
research areas within ITS, there is still noticeable
potential for the application and development

of these emerging techniques in LPR-based
research. However, it is important to note that the
interpretability of learning models tends to decrease
as model complexity increases. The selection of
suitable “black-box” models for specific issues, or the
application of XAI (Explainable AI) techniques, may
serve as key driving forces in advancing LPR data
applications.

The utilization of large models: compared to
conventional ML methods, large models’ parameter
scale ranges from billions to trillions, allowing

them to handle vast amounts of diverse data. This
enables them to tackle more complex tasks and
possess superior generalization capabilities. Jin et al.
[35] highlighted the introduction of large language
models (LLMs) and pre-trained foundation models
(PFMs) for time series and spatiotemporal data in
transportation field. In this context, LLMs contribute
methodological advancements in handling
unstructured data and facilitating interactions
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between users and transportation systems.
Meanwhile, PFMs integrate multi-source data and
leverage the extensive knowledge embedded within
them to efliciently and accurately handle various
transportation tasks such as traffic flow prediction,
travel demand analysis, and incident detection. These
models integrate datasets from various sources,
including loop detectors, video detectors, etc. for
traffic flow modelling and prediction. With the
development in LLMs and PFMs, coupled with the
resolution of data privacy concerns, LPR data has
the potential to become a reliable training dataset for
large models. Utilizing large models for automated,
proactive mining and analysis of multidimensional
traffic information from LPR data will elevate the
development of ITS to a whole new level.

+ LPR-based simulation modeling: current LPR-
based studies use real-world LPR data as input for
simulation modeling, and the simulation process has
been implemented using software such as VISSIM,
as applied by Li et al. [45], and Synchro [38]. Since
traffic conditions in these simulated environments
may differ from the actual scenarios under which
LPR data is collected, future efforts could focus
on developing traffic simulation platforms that
are oriented around real LPR data to test newly
developed methodologies. In other words, applying
and validating LPR data-driven methods in real-
world settings, or developing more realistic LPR-
based simulation environments, is crucial for
advancing LPR-based studies.

6 Conclusions

Given the high penetration rate and cost-effectiveness of
LPR data in ITS, its multidimensional information pro-
vides valuable support for a wide range of transportation
applications, offering both essential data foundations and
opportunities for advanced data mining. Although there
is still a long way to go before LPR devices are widely
used and obtaining LPR data remains challenging due
to data privacy and security concerns, the development
of vehicle-to-everything (V2X) technology increases the
likelihood to obtain data similar to the one obtained by
LPR system (i.e., data providing unique vehicle identi-
fiers, timestamps, and widespread detection locations).
As a result, LPR-based research is becoming increasingly
important.

This paper presents an in-depth survey on the current
state of LPR data applications. Specifically, we catego-
rized LPR-based studies into four major topics, each of
which is further divided into various research directions.
This framework outlines the pros and cons of using LPR
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data in each area. The technical features, advantages, and
limitations of data-driven methods on OR, statistical, and
ML methods are summarized within diverse research
directions. Finally, an in-depth analysis of the latest
trends in LPR-based studies directions and techniques
are conducted, providing insights into future opportu-
nities based on research directions and methodologies.
This paper aims to provide readers with a professional
and systematic reference for understanding the current
status of LPR data modelling and implementation, serv-
ing as a solid foundation for guiding future research work
in this field.
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AVI Auto vehicle identification

GPS Global positioning system
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