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Abstract—In the past few decades, license plate detection and recognition (LPDR) systems have made great strides relying on
Convolutional Neural Networks (CNN). However, these methods are evaluated on small and non-representative datasets that perform
poorly in complex natural scenes. Besides, most of existing license plate datasets are based on a single image, while the information
source in the actual application of license plates is frequently based on video. The mainstream algorithms also ignore the dynamic clue
between consecutive frames in the video, which makes the LPDR system have a lot of room for improvement. In order to solve these
problems, this paper constructs a large-scale video-based license plate dataset named LSV-LP, which consists of 1,402 videos,
401,347 frames and 364,607 annotated license plates. Compared with other data sets, LSV-LP has stronger diversity, and at the same
time, it has multiple sources due to different collection methods. There may be multiple license plates in a frame, which is more in line
with complex natural scenes. Based on the proposed dataset, we further design a new framework that explores the information
between adjacent frames, called MFLPR-Net. In addition to these, we release the annotation tools for license plates or vehicles in
videos. By evaluating the performance of MFLPR-Net and some mainstream methods, it is proved that the proposed model is superior
to other LPDR systems. In order to be more intuitive, we put some samples on Google Drive. The whole dataset is available at

https://github.com/Forest-art/LSV-LP.

Index Terms—Atrtificial intelligence, computer vision, license plate detection, license plate recognition, convolutional neural network,

dataset

1 INTRODUCTION

LICENSE Plate Detection and Recognition (LPDR) is a
topic of great research significance. It is an essential
branch of Intelligent Transportation Systems (ITS) and com-
puter vision. The accurate and efficient LPDR system can
be widely used in various monitoring scenarios, such as
traffic flow regulation, parking fee management and private
spaces access. Due to the importance of LPDR in ITS, many
researchers have made great improvements in this field [1],
(21, [31 141, [51, [6], [71, [8]-

Benefiting from the rapid development and wide ap-
plication of deep learning, current LPDR systems [9], [10],
[11] are mostly based on Convolutional Neural Networks
(CNN). The CNN-based system is generally divided into
several sub-modules, such as vehicle detection, license plate
(LP) detection, LP character segmentation and LP character
recognition. These sub-modules perform their respective
functions and constitute an integrated system to complete
the task of LP recognition on images. Most of these stud-
ies are for LP recognition under specific tasks, and the
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scenes are relatively simple. For example, the AOLP [12]
dataset contains only images captured from different angles
or heights. It is worth noting that the real-world scenes
for LPDR are complex and changeable, such as distortion,
occlusion, and fog weather blur. In order to alleviate the
problem of insufficient data, Xu et al. [2] provide a large-
scale dataset containing a variety of scenarios with more
than 250,000 unique images. However, in practical applica-
tions such as video surveillance and traffic management,
the LPDR system relies not on a single image but on
multiple frames. In [9], [13], two multi-frame datasets called
UFPR-ALPR and SSIG-SegPlate are proposed which can
be exploited for LPDR in videos. Nevertheless, both of
these datasets contain 150 videos, each of which averages
less than 30 frames, and the background in the videos is
relatively monotonous. If the training processing is carried
out on such datasets, it is difficult to generalize this model,
and the number of different LPs is small, leading to that
the system should be based on character segmentation or
fine-tuning.

Considering the problems mentioned above, we propose
a large-scale LP dataset named LSV-LP, which covers LPs
captured from videos in various provinces of China. The
background includes complex weather environments, a va-
riety of time periods and different shooting scenes such as
parking lots and freeways. In addition to the differences in
the image background, there are also great differences in
the way they are shot. The dataset contains video footage
taken by phone or camera, which leads to differences in
the resolution of each frame. The LP in each video sample
has different inclinations, degrees of ambiguity and light
environment conditions, which is more in line with the com-


https://drive.google.com/file/d/1udqRddpJZMpTdHHQdwZRll6vaYALUiql/view?usp=sharing
https://github.com/Forest-art/LSV-LP
https://github.com/Forest-art/LSV-LP

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

TABLE 1
A comparison of publicly available datasets for LPDR and our proposed dataset LSV-LP. Var denotes varations. From this table, the advantages of
LSV-LP in complex scenarios can be demonstrated.

EnglishtP  CLPD AOLP RelD SSIG-ALPR  SSIG-SegPlate UFPR-ALPR  CCPD  LSV-LP
Year 2003 2020 2012 2017 2018 2015 2018 2018 2020
Number of images 509 1200 2049 76k 6660 2000 4500 301k 400k
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plex background of LPDR systems in practical applications.
Not only is it diverse, but it is also massive, with over 400k
video frames in total. Diversity and large volume make LSV-
LP a better dataset for LPDR systems because it contains
complex backgrounds and video features that can be used
in combination. It is also important to note that the tags in
the dataset, including the location box of the vehicle, the
four vertices of the LP and the LP number are all available.
Based on this, the dataset can also be applied to vehicle or
LP tracking, RelD and other related tasks. Due to the large
volume, we put some sample data on Google Drive *, which
makes it easier to view the data composition.

Based on the dataset we proposed, amultiple frames
license plate recognition network called MFLPR-Net is de-
signed in this paper, which utilizes the features between
adjacent frames in the video to assist detection. On the
proposed LSV-LP dataset, our algorithm achieves superior
results compared with other state-of-the-art (SOTA) algo-
rithms. Exploring the information between the frames in the
video can improve the detection results and accelerate the
performance of the LPDR system.

The contributions of this paper are summarized as fol-
lows:

A large-scale and multi-source video based LPDR
dataset, namely LSV-LP, is proposed, which contains
more than 400k video frames with various complex
scenes and diverse data sources. LSV-LP is closer to
the actual scene and larger in volume, which brings
more robust bene ts.

A tool for labeling vehicle information in videos
is released, and multiple people can collaborate to
develop labeling. The labeling information includes
vehicle positioning frame, LP vertex and LP number,
which brings more information that can be mined for
LPDR systems.

A novel framework based on video datasets is pro-
posed, which can use inter-frame features to im-
prove the recognition effect of each frame under
the premise of satisfying speed. Multi-scale feature

1. https://drive.google.com/file/d/1ludgRddpJZMpTdHHQdwZ
Rll6vaYALUigl/iview?usp=sharing. The complete dataset is available
at https://github.com/Forest-art/LSV-LP.

fusion is applied in the detection and recognition
stages. At the same time, this pipeline combines the
optical ow network to propagate features, which
reduces the pressure of feature extraction in each
frame.

The experiments of various SOTA algorithms on
LSV-LP verify the necessity of this dataset and the
effectiveness of the proposed algorithm.

The rest of the paper consists of the following parts. In
Section 2, we summarize the existing LPDR datasets and
algorithms. Section 3 speci cally describes the proposed
dataset. Our algorithm is introduced in Section 4 and the
experimental results are shown in Section 5. In the end, we
discuss the conclusion and outlook.

2 RELATED WORKS

In this section, two aspects are mainly concerned: the pub-
licly available LP datasets and the existing LPDR systems or
algorithms.

2.1 Datasets for LPDR

Table 1 compares the existing datasets in detail from mul-
tiple aspects, and we specically describe the relevant
datasets and off-the-shelf algorithms in the following sec-
tions. Most of the current datasets are developed for LP
identi cation tasks in their own countries, collected respec-
tively from parking lots, expressway tollbooths and traf c
monitoring systems. The background of these images is
usually well-lit and the LPs are tilted at no more than
20 within the image. Moreover, since each country has its
own LP rules [14], [15], [16], if dividing them according to
national rules, there will be many kinds. In this section, we
divide the existing mainstream datasets into two categories
by images or multi-frame videos: image-based datasets and
video-based datasets.

2.1.1 Image-based Datasets

AOLP [12]: Gee-Sern Hsuet al. proposed a Taiwanese LP
dataset that was divided into three subsets: Access Control
(AC), Law Enforcement (RP) and Road Patrol (LE). AC
referred to the situation where a vehicle passed through a
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xed passage by slowing down or stopping completely. LE
referred to violations of traf ¢ laws captured by roadside
cameras, while RP referred to images of vehicles taken from
arbitrary viewpoints and distances with cameras installed or
held on patrol vehicles. The three subsets of AC, LE, and RP
contained 681, 757, and 611 images, respectively, for a total
of 2049 images. This dataset was diversi ed in four aspects:
horizontal, vertical, shooting roll, and shooting distance,
which lacked more complex backgrounds such as dark
light, blurring, and terrible weather. In 2017, an additional
version of the dataset called AOLPE was proposed in [17],
which contained 4,200 images, but still lacked such harsh
conditions as blurriness.

CCPD [2]: Xu and Yang et al.constructed a huge LP dataset
for China Mainland, containing more than 290k images
under a variety of conditions. This dataset consisted of nine
subsets, Base, FN, DB, Rotate, Tilt, Weather, Challenge, Blur,
and NP, and the backgrounds covered various complicated
situations such as blur, occlusion, bad weather, distance,
and tilt. Although there are many types of LPs in CCPD,
with the development of new energy technology, green and
energy-saving vehicle LPs are gradually integrated into our
life. In 2020, the authors extended CCPD and proposed
a CCPD-green subset for new energy green LPs, which
contains more than 11k samples. Together with the pre-
viously proposed CCPD which contains more than 290k
images, this dataset totals 301k images. The data scale of
CCPD was large enough to achieve better LP recognition
effect in static scenes. However, some problems such as
motion blur required multi-frame information for fusion
recognition, which could not be well utilized in the dynamic
and complex background in the real world.

EnglishLP [18]: SrebrS proposed an European LP dataset
named EnglishLP, which contained 509 images. This dataset
was all taken from the rear of the car and didn't have the
universality of the LP in complex scenes. At the same time,
it had no uniform markings of LP location box and LP
number. Therefore, it is rarely used.

SSIG-ALPR [10]: Gongalves et al.annotated and published
a Brazilian LP dataset for the ALPR system, called SSIG-
ALPR. This dataset contains 6,660 images with 8,683 LPs
from 815 different on-track vehicles. However, 3,368 LPs
have no text annotations because their resolution is very
low and their characters cannot be determined intuitively.
CLPD [19]: Zhang et al. proposed a real LP dateset, which
contains 1200 images of all provinces in mainland China, in-
cluding different vehicle types. The images in CLPD dataset
are all based on the real environment, which covers a variety
of shooting conditions and area codes. The authors trained
their own model on CCPD dataset and validated it on this
dataset.

2.1.2 Video-based Datasets

RelD [20]: Spanhel et al. developed a large video-based
dataset that contained 14,360 tracks and more than 170k
images. This dataset was able to extract more than 76k
LPs and annotations, all collected from surveillance cameras
on highway. The images in RelD lacked tilt angle samples,

occlusion samples, and could not be used in more complex

LPDR systems.

Fig. 1. The display of the proposed LSV-LP dataset with annotations.
The rst column of the video sequence is move vs. static, the second
column is move vs. move, and the last column is the type of static vs.
move.

SSIG-SegPlate [13]: In addition to the image-based dataset
SSIG-ALPR [10], Gongalveset al. also proposed a public
dataset of Brazilian LPs, which contained less than 800 train-
ing examples. This dataset had 40 videos for training, 21 for
validation and 40 for testing, with each video no more than
30 frames. However, this dataset had several constraints,
including the use of a xed camera, the absence of a double-
character motorcycle LPs, and a single background.
UFPR-ALPR [9]: In order to effectively remedy the de -
ciency of SSIG-SegPlate, Laroceet al. proposed the UFPR-
ALPR dataset. Compared with [13], it had a larger scale,
speci cally including 60 training videos, 30 validation
videos and 60 testing videos, while each video regularly
contained 30 frames. Moreover, it complemented many mo-
torcycle LP samples, which were even more challenging.
Still, each video in this dataset contained only one car and
the background is simple. Meanwhile, there were only 150
different LP samples, which highly depended on character
segmentation to effectively complete LP recognition task.

2.2 Methods for LPDR

A complete LPDR system aims to input an image, locate
the LP position from the image, and fully recognize the LP
characters within the positioning area. Therefore, an LPDR
system can be divided into at least two stages, LP detection
and LP recognition, even for the model of end-to-end train-
ing. In the following, we will introduce the mainstream LP
detection and LP recognition algorithm respectively.

2.2.1 LP Detection Algorithms

Existing LP detection algorithms can be coarsely divided
into traditional methods and deep learning based methods.

Most of the traditional LP detection methods use the
edge, color or texture features of the LP region. Yu et al.
[21] utilized wavelet transformation and EMD analysis to
locate LPs in images. Sahaet al.[22] proposed a multi-stage
method that analyzed vertical edge gradients to select the
right area. In [23], a classi er based on cascade AdaBoost
and a voting module are designed to vote for the candidate
regions of LPs. Leeet al.[24] proposed a method using local
structure patterns to locate the LPs in images. Some other
researchers [25], [26] applied HSI color model and a color
checking module to detect the candidate regions containing
LPs.
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