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ABSTRACT Aiming at the problem that the traditional license plate recognition method lacking of accuracy
and speed, an end-to-end deep learning model for license plate location and recognition in natural scenarios
was proposed. First, we added an improved channel attention mechanism to the down-sampling process of
the You only look once(YOLOv5). Additionally, a location information is added in the ones to minimize
the information loss from sampling, which can improve the feature extraction ability of the model. Then we
reduce the number of parameters on the input side and set only one class in the YOLO layer, which improves
the efficiency and accuracy of the detector for locating license plates. Finally, Gated recurrent units(GRU)
+ Connectionist temporal classification(CTC) was used to build the recognition network to complete the
character segmentation-free recognition task of the license plate, significantly shortened the training time
and improved the convergence speed and recognition accuracy of the network. The experimental results show
that the average recognition precision of the license plate recognition model proposed in this paper reaches
98.98%, which is significantly better than the traditional recognition algorithm, and the recognition effect is
good in complex environment with good stability and robustness.

INDEX TERMS Deep learning, target detection, license plate recognition, YOLOv5, GRU.

I. INTRODUCTION
The license plate is an important information carrier of the
vehicle, providing a unique identity mark for the vehicle.
License plate recognition is a key link in building intel-
ligent transportation, which can play an important role in
traffic calming, vehicle tracking, unmanned parking lots,
and automatic highway toll collection. The current stage
of license plate recognition technology is generally divided
into three stages: detection, segmentation and recognition.
Such schemes have complex processes, low efficiency, and
are easily affected by uneven lighting and noise, with poor
robustness.

Although license plate recognition technology has been
widely used in real life, it is more often used in fixed sce-
narios and environments, and the precision and robustness
of existing recognition technology can hardly meet the needs
of realizing applications in complex conditions and real-time
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scenarios. In recent years, with the rapid development of
computer hardware, neural network models based on deep
learning have become the best tools to solve complex com-
puter vision problems [1], [2], [3]. Convolutional Neural
Network(CNN) is one of the best deep learning techniques for
target detection and recognition tasks, and the most popular
algorithm in CNN-based target detection is YOLO, proposed
by Redmon in 2015 [4]. It creatively combines the two stages
of candidate area and target recognition into one, and only one
forward operation is needed to complete the target detection,
which greatly reduces the image processing time and makes
the model very efficient, many researchers have done a lot
of secondary development work on the YOLO family of
model detectors [5], [6]. On the one hand, there is cooper-
ation with other methods, such as use YOLOv3 to extract
and classify underwater objects and combine it with a deep
learning method based on (Long Short TermMemory)LSTM
to determine the location of the underwater objects [7]. On the
other hand, the YOLO backbone structure is optimized [8],
[9], such as replaced the output layer with deformable
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convolution to improve the detection speed in the backbone
network CSPDarknet53_dcn(P) of YOLOv4. And a new fea-
ture fusion module was redesigned to improve the detection
accuracy of small objects using multiple scale detection lay-
ers [10]. The latest version of YOLOv5 is highly precise,
fast, and generates detection weight files of only 10-120 MB
using Pytorch framework, which means that high-precision
license plate detection models have become much easier to
use on embedded devices [11], [12], Such as constructed an
auxiliary domain (S-DAYOLO) based onYOLOv5s, inwhich
the synthetic image uses the latest method to convert the
source image to a similar image in the target domain, which
is a good solution to the problem of object detection perfor-
mance degradation after different domain conversions. It will
be embedded in electronic components for use in autonomous
driving assistance systems [13]. Meanwhile, recurrent neural
networks(RNNs) play an indispensable role in the field of
natural language processing by processing characters directly
as input sequences, eliminating the processing of character
segmentation and allowing end-to-end license plate recog-
nition models to become mainstream [14], [15]. In model
optimization, attention mechanisms enable models to know
‘‘where the places of interest are’’ and are widely used to
improve the performance of neural network models [16],
[17]. Among them, SE(Squeeze and Excitation) is the most
popular attention mechanism because of its low cost and high
gain by establishing channel correlation through 2D global
pooling [18]. However, the SE attention mechanism only
collects information about the relationship between channels
and does not focus on the corresponding location information,
this information is extremely critical for the acquisition of
target structures in detection and recognition tasks [19].

The main contributions of this paper are as follows:
• The proposed lightweight deep learning model requires
only one forward computation process to complete the
end-to-end detection and recognition of license plates;

• The YOLOv5 algorithm is improved to extend a novel
attention mechanism in the down-sampling process of
theNeck structure, this work improves the efficiency and
accuracy of license plate location;

• Upon using the improved YOLOv5, we modified the
feature parameters of the prediction part of the classifier
to increase the accuracy of the model while reducing the
training time;

• We use GRU + CTC recognition network to complete
the recognition of positioned license plates. The model
does not require pre-segmentation of license plate char-
acters, and the automatic extraction of characters is done
by deep neural networks after self-learning.

To demonstrate that the proposed method in this paper is
more effective compared with previous license plate recog-
nition algorithms, we conducted extensive experiments on
the CCPD dataset. With the same training and test sets, our
recognition algorithm improves the recognition precision by
0.44%. In terms of algorithm operational efficiency, we also
observe that although an improved attention mechanism is

incorporated, a more efficient recognition network structure
ensures that the method meets the requirements of practical
engineering.

Following the overview in the first section of this paper,
We present the work related to license plate detection and
recognition algorithms in Section I. The basic framework of
the YOLOv5-LSE method and the optimization process are
presented in Section II. To verify the effectiveness of the
method, we show its experimental results on the dataset in
Section III and perform a detailed comparative analysis with
other cutting-edge recognition algorithms. Subsequently, the
Improved algorithm is discussed in section IV.

II. RELATED WORKS
In the license plate positioning stage, the traditional License
plate localization methods based on a priori information are
generally classified as color texture [20], [21], shape regres-
sion [22], [23], and edge detection [24], [25]. The color of
the license plate is usually blue, yellow, white and green,
with high color contrast and fixed shape, so the color and
shape features are widely used. For example, Tian et al. [26]
used a color difference model to obtain a binarized image to
select the target region, then used the Adaboost algorithm to
train the above features along with other features to obtain
a classifier, and finally used the classifier to precisely locate
the license plate. SalauAO et al. [27] used the license plate
aspect ratio geometric information as a threshold for fore-
ground extraction to implement the GrabCut algorithm for
automatic license plate localization. This approach has limita-
tions because the aspect ratios of the license plate is different
from place to place. The feature extraction of traditional
localization methods relies on manual design, which is not
well suited to the diversity of images. Therefore, traditional
methods of license plate detection are inefficient and have
poor accuracy. In recent years, target detectionmethods based
on deep learning have developed rapidly, and the algorithms
are mainly divided into two categories. In one category, a part
of the candidate region is first generated by the algorithm,
and then the candidate region is classified and positioned
again [28], [29]. For example,Naaman Omar et al. [30] used
a deep semantic segmentation network to classify license
plate images into digital regions, city regions, and country
regions. Slimani et al. [31] based on wavelet transform for
license plate detection, followed by validation of potential
regions using CNN classifier. Another category is end-to-end
detection algorithms, which directly get the location coordi-
nates and class probability of the target, typical algorithms are
SSD [32], YOLO [33], [34], [35]. The form1er has a lower
recognition speed and the latter is slightly less accurate.

In the license plate recognition stage, the traditional recog-
nition algorithm usually performs the operation of segment-
ing the license plate characters one by one first, and then uses
optical character recognition (OCR) technology to recognize
each character [36], [37]. Nahlah M [38] uses the honeybee
algorithm to complete the segmentation of the license plate
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characters and then uses a support vector machine (SVM) to
recognize the license plate characters. Experimental results
show that the method has a good license plate recognition
effect, but it has poor recognition efficiency. The current
popular recognition algorithms discard the character segmen-
tation process andmore often fuse license plate detectionwith
recognition [39], [40]. Such as Omar et al. [30] proposed
the concept of LPR-CNN, which consists of two convolu-
tional neural networks to form a license plate and character
detection system. This method is trained in an end-to-end
manner and does not require pre-formed character segmen-
tation. Experimental results show that the method is effective
for license plate recognition of real vehicle images. In addi-
tion, in practical applications, many license plate recognition
algorithms can only achieve good recognition under specific
conditions [41]. This condition includes good weather condi-
tions, adequate lighting, fixed scenes, and facilities. License
plate recognition in complex environments remains difficult,
with challenges such as poor lighting at night, rain and snow,
dumped, obscured or blurred license plates [42]. In tradi-
tional license plate recognition, the two modules, location
and recognition, are usually divided into two separate tasks,
and use more complex algorithms to solve these challenges.
However, the neural network model based on deep learning
connects the two problems well. Therefore, this paper pro-
poses an end-to-end license plate detection and recognition
method based on deep learning that optimizes the efficiency
and accuracy of recognition.

III. METHODOLOGY
A. MODEL FRAMEWORK
The overall network model framework of the license plate
recognition system is shown in Fig.1, which consists of two
parts: license plate positioning and license plate recognition,
and synthesizes the two parts into an overall network model
through the data interface. First, in the license plate localiza-
tionmodule, we use the improved YOLOv5model to perform
the detection and cropping work on the license plates in the
images. After that, in the recognition network, we use GRU
to complete the work of sequence labeling and decoding. The
GRU output matrix and the corresponding ground-truth(GT)
text will be input into the CTC loss function, and the output
recognized license plate results will be obtained by calculat-
ing the loss function values of each data point.

B. YOLOv5
YOLO is one of the most famous object detection algo-
rithms because of its high efficiency, high precision and light
weight. YOLOv5 is the latest generation of the YOLO family
of detection networks introduced by Glenn Jocher in May
2020 using Pytorch framework. There are four versions of the
YOLOv5 network model: YOLOv5s, YOLOv5m, YOLOv5l,
and YOLOv5x. The YOLOv5 network has the smallest depth
and feature map width in the YOLOv5 series, and the next 3
are deepened and widened on its basis.

FIGURE 1. LPR model framework.

FIGURE 2. YOLOv5 network structure.

As shown in Fig.2, the network structure of YOLOv5
consists of four parts: input, backbone, neck and prediction.
YOLOv5 has been iterated to V6.1 version, and we will also
use the latest version of the network structure in this paper,
on which the related model introduction and improvements
are based.

Input: The input is the stage of image pre-processing for the
input image. Preprocessing includes data enhancement, adap-
tive image scaling and anchor frame calculation. YOLOv5
uses the Mosaic data enhancement method to stitch four
images into a new photo by random layout, cropping and
scaling, which greatly enriches the detection. And the data
of four images can be calculated directly in the calculation of
batch normalization, which speeds up the training efficiency.
YOLOv5 has embedded the anchor frame calculation into the
training, outputting the predicted frame on the initial anchor
frame, and later comparing it with Ground-trush to calculate
the Loss, thus continuously updating the anchor frame size
and adaptively calculating the optimal anchor frame value.

Backbone: The Backbone mainly consists of Focus struc-
ture and CSP structure. However, after the latest version
V6.0 of YOLOv5, the Focus module is replaced with a
6 × 6 sized convolutional layer. The two are theoretically
equivalent, but for some existing GPU devices and corre-
sponding optimization algorithms, the 6 × 6 convolutional
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layer is more efficient. The CSP structure enhances the learn-
ing ability of the model and speeds up network inference.

Neck: The Neck includes FPN and PAN structures.
YOLOv5 adds PAN to the FPN structure to make the com-
bined structure better for the fusion and extraction of features
at different levels. Version V6.1 also replaces SPP with SPPF,
which is designed to convert arbitrarily sized feature maps
into fixed-size feature vectors more quickly.

Prediction: Prediction completes the output of the target
detection results. YOLOv5 forms a new loss function CIOU
based on the IOU loss function by considering the distance
information of the center point of the bounding frame, and
IOU refers to the intersection ratio of the predicted frame and
the real frame. DIOU_nms is also used in this process instead
of the traditional NMS operation, with the aim of suppressing
redundant frames better, thus further improving the detection
accuracy of the algorithm.

C. DETECTION ALGORITHM OPTIMIZATION
In general, the license plate takes up a relatively small part
of the image, and there are two problems with license plate
detection as follows:

• The information presented by the pixels in the detection
area where the license plate is located is limited, which
can easily lead to poor detection of the license plate by
the target detection algorithm;

• In the model training phase, the labeling of small objects
is prone to bias, and the detection results will be greatly
affected when the targets are small and the number of
classes is large.

To solve the above two problems, we have improved the
YOLOv5 algorithm.We improve the feature extraction ability
of the model by adding an attention mechanism to improve
the detection effect of the model on small targets. At the same
time, we use a single class in themodel, which greatly reduces
the number of parameters, makes the model less likely to fall
into category confusion, and reduces the impact of labeling on
detection results. The two improved parts will be explained in
detail in the following two subsections.

1) NOVEL ATTENTION MECHANISMS
The neck structure of YOLOv5 is the FPN + PAN
model. FPN is a top-down feature pyramid that passes the
higher-level semantic features down through up-sampling
and convolution. But FPN only enhances the semantic infor-
mation and does not pass on the localization information.
The PAN structure compensates nicely for this by adding a
bottom-up feature pyramid after the FPN. PAN performs a
down-sampling operation on the bottom layer of the FPN, its
upper layer will be subjected to 3× 3 convolution operation,
then it will be connected laterally with the bottom layer
after down-sampling, and the two will be added together,
and finally 3 × 3 convolution will be performed again to
fuse their features. This process operates iteratively from the
bottom of the FPN up to form a new feature pyramid that
contains both semantic and localization information. PAN

FIGURE 3. Attention mechanism.

uses 8 times, 16 times and 32 times down-sampling and
convolution for three different sizes of images to complete the
feature extraction and transfer. In this process, a large amount
of position information is lost, making themodel less accurate
in detecting small targets.

In recent years, attention mechanisms have been widely
used to improve the performance of modern deep neural
networks. We introduce a new attention mechanism in order
to solve the problem presented in the previous section [43].
The new attention mechanism is an improvement on the SE
block (Squeeze-and-Excitation). The SE block focuses on
the relationship between channels and allows the model to
automatically identify the importance of different channel
features, but ignores the location information. Location infor-
mation is very important in the visual task of capturing target
structure [18], and PANwill generate a large amount of chan-
nel and location information, we embed location information
into channel attention to form a new attention mechanism
L-SE. It is implementation in YOLOv5 is shown in Fig.3.
It will be added to the down-sampling process in the PAN
structure [44].

We will give a brief description of the SE module to better
explain L-SE. The standard convolution itself is difficult to
obtain channel relationships, but this channel relationship
information is significant for the final classification decision
of the model. The SE module does this job well by mak-
ing the model focus more on the most informative channel
features and suppressing the unimportant channel features to
achieve better feature extraction. It works as follows: Firstly,
the Squeeze is performed on the feature map obtained by
convolution to get the global features of channels, then the
Excitation is performed on the global features to learn the
relationship between each channel and get the weights of
different channels, and finally the final features are obtained
by multiplying with the original feature map. Given the input
U, the Squeeze equation for the c-th channel is as follows:

zc = Fsq (uc) =
1

H ×W

H∑
i=1

W∑
j=1

uc(i, j), z ∈ Rc (1)

where Z is the global feature of the c-th channel, it is obtained
by encoding the entire space on the channel with features.
uc come from the convolutional layers in the PAN structure-
and their convolutional kernel size is fixed, so they can be
considered as a collection of local descriptors. H denotes the
height of the feature map and W is the width of the feature
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map. Fsq denotes the global averaging of the squeezed work
of the feature map in the set.

After we get the global description of the features by
squeezing, we next need to get the relationship between the
pipes through the excitation operation. The traditional SE
module uses a gating mechanism in the form of sigmoid:

s = Fex(z,W ) = σ (g(z,W )) = σ (W2 ReLU (W1z)) (2)

where Fex denotes the excitation operation, W1 ∈ R
c
r ×c,

W2 ∈ Rc×
c
r , they represent two linear transformations, and

the weights of each channel are obtained by learning them.
The sigma is a nonlinear activation function that normalizes
to obtain the importance of the channel, with 0 being unim-
portant and 1 being important.

The optimization of L-SE lies in the addition of location
information. Equation (1) only squeezes the global spatial
information and does not preserve the location information.
equation (1) only squeezes the global spatial information
and does not preserve the location information. We factorize
equation (1) into equation (2) parts (V , 1) and (L, 1), repre-
senting two spatial ranges of pooling kernels, which operate
in pairs of 1D feature encoding for each channel in different
directions, (V , 1) being vertical and (L, 1) being horizontal.
The output of the c-th channel with height v in the vertical
direction is:

zvc(v) =
1
L

L∑
i=1

uc(v, j) (3)

In the same way, the output of the c-th channel at width l
in the horizontal direction can be written as:

zlc(l) =
1
V

v∑
i=1

uc(i, l) (4)

The above two formulations will collect features along
two spatial directions, horizontal and vertical, and will even-
tually generate a pair of perceptual feature maps in the
corresponding directions. It differs from the squeeze oper-
ation in that L-SE can learn the relational weights between
individual channels in one spatial direction while collecting
precise position information in another spatial direction. This
approach helps YOLOv5 to locate the target of interest more
precisely [45].

In order to make full use of the collected location infor-
mation, we propose a new method for calculating weights.
Create a shared 1 × 1 convolutional transform function F
into which a subset of the aggregated features generated
by equation (3) and equation (4) will be fed, the excitation
operation yields:

f = σ
(
F

(
zv, zl

))
(5)

where (zv, zl) denotes the tandem operation of aggregated fea-
ture subsets and σ a nonlinear activation function. where f ∈

Rc/r×(V+L) denotes an intermediate feature map with infor-
mation encoded in two different directions. Similarly, we split

f into two separate tensors along the direction f ∈ Rc/r×(V+L)

and f v ∈ Rc/r×V . We use a bottleneck structure with two
fully connected layers here to reduce model complexity as
well as to improve generalization capabilities. In the first FC
layer, r is a dimensionality reduction coefficient, which plays
the role of dimensionality reduction. In the second FC layer,
f v and f l are transformed to have the same dimension as the
input U by two 1 × 1 convolutional transforms Fv and Fl ,
which are independent of each other. Yielding:

wv = σ
(
Fv

(
f v

))
(6)

wl = σ
(
FL

(
f l

))
(7)

where σ is the sigmoid function, wv and wl are used as
attention weights for the different channels. Finally, the
Scale operation is performed, which means that the obtained
weights are multiplied with the original feature map to get the
final features. The output of L-SE block X is:

xc(i, j) = uc(i, j) × wvc(i) × wlc(i) (8)

As mentioned above, the L-SE block not only considers
the importance of the different channels, but also focuses on
the coded location information. We apply the attention of two
different directions simultaneously to the input tensor, and
the resulting attentional map can determine whether the cor-
responding direction is storing the target of interest. We can
also adjust the attention during this encoding process to make
the localization of the interest target location more accurate
and thus improve the target detection ability of the model.

2) PARAMETRIC OPTIMIZATION
YOLOv5 was originally implemented on the COCO2017
dataset, with 80 classes present in the original classifier (peo-
ple, motorcycles, fire hydrants, elephants, umbrellas, etc.).
In YOLOv5, each bounding box is represented by five pre-
dicted values, and RGB has three channels, so the number of
parameters for predicting only the bounding boxes is 3× (5+

80) = 255. This number of parameters is too large, whichwill
reduce the prediction efficiency of themodel while increasing
the probability of class errors. In this paper, our second con-
tribution is to reduce the number of classes in the classifier.
In the model where only a single class (license plate) is
used, the number of parameters in the prediction bounding
box will become 3× (5+1) = 18. Such improvements make
model detection much faster and less likely to fall into error
confusion, thereby ensuring the accuracy of model detection.

D. RECOGNITION ALGORITHM
Character segmentation is an inseparable part of the tra-
ditional license plate recognition framework. The effect of
character segmentation is highly susceptible to noise and
complex environment. If the effect of character segmentation
is not good, even if we have a high-performance recognizer,
there will be false recognition and missed recognition. Many
different image pre-processing methods are generally used
in traditional recognition schemes to solve this problem, but
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none of them has achieved better results. So we treat the
characters in license plates as undivided sequences and use
a deep learning model to solve the recognition problem.

1) GRU + CTC
In the field of end-to-end license plate recognition algorithms,
the LSTM + CTC scheme is more widely used. However,
in recent years, the emergence and development of GRUgives
us more options. GRU is a very effective variant of LSTM
network, which is simpler in structure, lighter in weight,
and very effective in recognition. Therefore, in this paper,
we choose the combination of GRU + CTC as the license
plate recognition algorithm, and we also prove through exper-
iments that this scheme improves the model training time,
convergence speed, and recognition accuracy.

2) SEQUENCE SIGNATURE GENERATION
The process of license plate recognition based on GRU +

CTC is shown in Fig.4. The recognition process of GRU +

CTC based license plate recognition model is shown in Fig.4.
In the first part of the license plate recognition model, we use
a pre-trained 7-layer CNN model to extract the sequential
feature representation from the cropped license plate image.
A conv5 feature map of sizeN×C×W×H is obtained, after
which a sliding window of 3× 3 is made on conv5, and each
point will be combined with the features of the surrounding
area to obtain a feature vector of length 3 × 3 × C , and a
feature map of N × 9C ×W ×H is output. But the obtained
features are spatial features, which only CNN can learn, and
we will do Reshape operation to transform them to the size
that GRU can learn.

3) SEQUENCE LABELLING
We will use GRU recursive processing for each layer of
features in the obtained feature sequence. GRU allows pre-
diction of past contextual information, and the networkmakes
the sequence recognition operation more stable compared to
processing each feature individually. GRUhas only two gates,
which combine the input gate and the forget gate in LSTM
into one, called update gate, to select the memory information
that can continue to be retained until the current moment. The
other gate is the reset gate, which will control how much of
the past information is forgotten. We first need to get the two
gating states by the last transmitted down state ht−1 and the
input x t of the current node. The equation is:

zt = σ
(
W xzx t +Whzht−1

+ bz
)

(9)

rt = σ
(
Wxrx t +Whrht−1

+ br
)

(10)

where σ is the sigmoid function, by which we can transform
the data to a value in the range of 0−1 to act as a gating signal,
rt controls the reset gate, and zt controls the update gate. After
obtaining the gated state, the reset gate rt is first applied to the
hidden layer output ht−1 at the previous moment to achieve
the reset of the information state. Then, after multiplying it
with the input text x t together with the corresponding bias

FIGURE 4. GRU + CTC recognition model.

and summing it, the update of the immediate information x t

of the node at the current moment is realized through the tanh
activation.

h′
t = tanh

[
Whh̃

(
rt · ht−1

)
+W xh̃x

t
+ bh̃

]
(11)

In the output of the hidden layer, GRU can use a single
gated Z for both forgetting and selective memory. Yielding:

ht = (1 − z) ∗ ht−1
+ z ∗ h′ (12)

where (1− z) can be considered as the forgetting gate, which
will clear the unimportant information in dimension ht−1.
(1−z)∗ht−1 represents the selective clearing of the originally
hidden state. z∗h′ represents the selection of certain informa-
tion in dimension h′. formula ht is to clear certain dimensional
information in ht−1 passed down and add certain dimensional
information entered by the current node. The * symbol here
denotes Hadamard Product, which is a matrix multiplication
method. The formula Wxz, Wxr , Wxh′ is the weight matrix of
the connection between the hidden layers of the input layer at
moment t, respectively;Whz,Whr ,Whh′ is the weight matrix of
the connection between t−1 and the hidden layers at moment
t, respectively; bz, br , bh′ is the update gate, the reset gate, and
the bias of the current hidden layer, respectively.

Finally, we use the Softmax layer to transform the state ht

of GRU into a probability distribution of 7 classes. In this
paper, we use the challenging Chinese license plate as the
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experimental object, and the Chinese license plate consists
of seven characters, so we set seven characters information
network layers.

pt (c = ck |xt ) = softmax(ht ), k = 1, 2, . . . , 7 (13)

The whole feature sequence will eventually be converted
into probability estimation sequence (p = p1, p2, . . . , pL),
which has the same length as the output sequence.

4) SEQUENCE DECODING
In the final stage of the license plate recognition model,
we convert the sequence of probability estimates P into a
string. If the work is done using the common Softmax Loss,
each column of output needs to correspond to a character
element. This requires that each license plate image in the
license plate training set needs to be labeled with the position
of each character in the image, and then CNNs are used to find
the alignment to each column of the Feature map to obtain the
Label corresponding to that column output in order to train.
However, in practice, it is very difficult to mark such aligned
samples, and it is a huge job to mark the position of each char-
acter in addition to themarked characters. Moreover, the plate
smudging and obscuring caused by complex environment
may cause inconsistency in the number of plate characters,
resulting in each column output not necessarily correspond-
ing to each character one by one. Therefore, to solve the
time series problem with uncertain alignment relationship
between input features and output labels, we introduce CTC.
It does not require data with pre-segmented and can directly
decode the pre-reading sequence into output labels. There-
fore, we connect CTC directly to the output of GRU, and
the input of CTC happens to be the output activation of
GRU. Additionally, we use the sequence decoding method
to make better use of the output sequence of GRU and further
obtain the optimal solution with maximum probability of
approximate path.

IV. EXPERIMENTS AND RESULTS ANALYSIS
A. DATASET AND ENVIRONMENT
The license plate dataset used for the experiments in this
paper is the open source large-scale Chinese urban parking
dataset CCPD and some of the vehicle data images col-
lected by ourselves, totaling 12500 images. The images in
the dataset are all 1160×720 in size and contain images from
many complex environments, such as bright light, cloudy sky,
dark light, smudged license plates, tilted, etc., constituting a
dataset with a diverse and sufficient number of license plate
scenes distributed. We divide the dataset into training set and
test set with the number of 10,000 and 2,500 respectively,
whichwill be used to train themodel and test themodel effect.
The data of the license plate recognition part requires us to
detect and crop the license plate of the original image, and
part of the sample data is shown in the Fig.5.

The experimental environment for this paper is built
on a Linux operating system. The CPU model is an
I7-12700H@4.7GHz, theGPUmodel is anNVIDIAGeForce

FIGURE 5. Sample images from the dataset.

RTX3090 8GB, and the software version is CUDA11.2 and
PyTorch1.7.

B. EVALUATION INDICATORS
In this paper, we use objective evaluation criteria to evaluate
license plate detection and recognition models. Precision,
recall and mAP(mean Average Precision) are used as eval-
uation metrics with the following equations.

Precision = TP/(TP+ FP) (14)

Recall = TP/(TP+ FN ) (15)

mAP =
1
C

n∑
k=1

P(k)1R(k) (16)

where TP is the number of true positive samples, FP is the
number of false positive samples, FN is the number of false
negative samples, C is the number of categories, n is the
number of referenced thresholds, k is the threshold, P(k) is
the accuracy, and R(k) is the recall.

C. RESULTS ANALYSIS
1) LICENSE PLATE POSITIONING MODEL
In the training phase of the improved YOLOv5 license
plate detection model, considering that we added the atten-
tion mechanism L-SE, which incorporates multi-level feature
information, we set the batch size to 128, Epoch to 300, initial
learning rate to 0.01, decay rate to 0.005, and iteration The
total number of iterations is 30000, and the framework is
Pytorch. Where batch size indicates the number of samples
selected in a single round of training, and learning rate is
the hyperparameter that knows how we should adjust the
network weights by the gradient of the loss function. The
purpose of license plate localization is to obtain the area
where the license plate is located and provide data for license
plate recognition. Therefore, the accuracy of license plate
localization directly affects the effectiveness of license plate
recognition, so we use Avg IOU, which responds to the accu-
racy of localization, to measure the effectiveness of license
plate localization. The larger the value of this index, the better
the positioning effect. The training result of the model is
shown in Fig.6.

From (a) and (c) in Fig.6, it can be seen that after Epoch
exceeds 50, the accuracy and mapping convergence of the
model are between 0.90 − 0.99, which means that the
model detection accuracy is high enough; In Figure b, when
the recall convergence converges to 1 after 20 iterations,
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FIGURE 6. The training results of YOLOv5. (a) Precision (b) Recall (c) mAP
(d) Avg IOU.

indicating that the target can be detected completely; figure d
shows that as the training deepens, the AvgIOU of the model
is stable between 0.9 and 1, indicating good model training
results.

We compare the improved algorithm YOLOv5-LSE with
YOLOv5-1 (only the class parameter is set to 1), YOLOv5,
SSD300, Faster R-CNN, RPNet and TE2E target detection
algorithms for training tests. The comparison experiments
will use the same training and test sets with the number of
10,000 for the former and 2,500 for the latter, and evaluate
the performance of each mainstream algorithm using recall,
precision, mAP and FPS. The results of the comparative tests
are shown in Table 1. As we can see from the table, compared
with the traditional target detection algorithms Faster R-CNN
and SSD300, the YOLOv5 correlation algorithm is slightly
deficient in detection speed, but the accuracy advantage is
more obvious. Compared with the original YOLOv5 algo-
rithm, the improved algorithm YOLOv5-LSE has increased
complexity and slightly decreased in detection speed, but
the recall, precision and mAP are improved by 3%, 4%
and 2%, respectively, and the comprehensive performance is
improved, and the detection speed FPS reaches the real-time
requirement of engineering applications.

2) LICENSE PLATE RECOGNITION MODEL
The end-to-end license plate recognition model based on
GRU+CTC uses 10,000 images, we set the batch_size is
128, the epoch is 30, the initial learning rate is 0.01 and the
dynamic decay mechanism is used, and the gradient descent
is optimized using the Adam algorithm and the framework is
Pytorch. Compared with some traditional recognition algo-
rithms, such as BP neural network [49], tesseract [50],

TABLE 1. Detection results of different algorithms.

FIGURE 7. Model training time.

HOG + SVM [51], etc., the recognition effect advantage
of deep learning-based algorithms is more obvious, so it is
not compared with traditional algorithms in the recognition
model validation stage. We choose to compare with the more
popular and effective license plate recognition algorithm
LSTM + CTC at this stage in the three directions of recog-
nition precision, training time and CTC Loss to verify the
cutting-edge and effectiveness of the recognition algorithm
in this paper. At the end, we will use the complete end-to-end
license plate recognition model including the target detection
module to perform license plate detection and recognition
in different practical scenarios to verify the precision and
robustness of the license plate recognition system.

Fig.7 shows the training time of GRU + CTC compared
to LSTM + CTC. From the figure, we can see that the
training time of GRU + CTC is significantly lower than
that of LSTM + CTC within the same number of Epochs,
which is caused by the different network structures of the
models themselves. The GRU network combines the input
and forgetting gates in the LSTM network into one called the
update gate. So that the GRU network itself contains only
one surviving unit and updates reset two gates. GRU has
one less gate function than LSTM, and the parameter size
is 1/4 less than LSTM, and the computation is also greatly
reduced, so the training time of GRU + CTC is less and the
network converges faster. In the case of suitable amount of
license plate data and all the hyper parameters are tuned, the
performance of the two is comparable, and the structure of
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FIGURE 8. CTC_Loss.

FIGURE 9. Model precision.

GRU is simpler, soGRU+CTC is chosen to bemore efficient
for training.

Fig.8 shows the CTC Loss variation curves for different
network structures. From the figure, we can see that the CTC
Loss values of GRU andLSTMconverge from the 10th Epoch
onward. However, in the initial training stage, the CTC Loss
of GRU decreases faster. the CTC loss can be understood as
the product of the probabilities of the corresponding labels of
the output paths at each time step. Given an input, the output
path probability here refers to the probability of the label of
that input output at each time step from time t = 1 to T.
The CTC loss essentially maximizes the probability sum of
all paths, and the faster its value decreases before it stabilizes,
the more accurate the model is represented.

Fig.9 shows the variation in recognition precision of the
two recognition algorithms over the training cycle. From the
figure, we can see that the model of GRU + CTC can obtain
higher recognition precision in shorter time, and the precision
reaches 96.6% at epoch = 8, while the precision of LSTM +

CTC is only 95.4%, which is about 1.2% lower. In addition,

TABLE 2. Comparison of the effectiveness of complete LPR algorithms.

the maximum accuracy of GRU + CTC is 98.8%, while the
maximum accuracy of LSTM + CTC is 98.1%, which is
slightly lower than the former by 0.7%. We calculated the
average accuracy of the two recognition models, and the
average accuracy of GRU + CTC is 97.6% and LSTM +

CTC is 96.9%. Therefore, when the number of samples in
the dataset is moderate, the GRU + CTC recognition model
has high training efficiency and recognition effect.

Table 2 shows the comparison of recognition accuracy of
the YOLOv5-LSE + GRU + CTC, the license plate recogni-
tion algorithm proposed in this paper, with other algorithms.
In the comparison experiments, we not only chose the orig-
inal YOLOv5 algorithm, but also added the OPENCV +

RNN license plate recognition method. We use OPENCV to
preprocess the image, a process that includes binarization,
medianization, corruption, expansionand centralized blur-
ring. After that, the rectangular feature aspect ratio (Ar) of the
license plate is selected as the threshold to locate and segment
the license plate, and the same algorithm as in this paper is
chosen for the final character recognition module. From the
table we can see that the license plate recognitionmodel using
deep learning localization algorithm has some advantages in
terms of accuracy and recognition speed compared to the
traditional localization algorithm model. Comparing the two
localization algorithms, YOLOv5-LSE andOPENCV,we can
see that with the same algorithm used in the recognition
module, the experimental results show that the speed of
license plate recognition using theYOLOv5-LSE localization
algorithm is significantly higher and the recognition time is
reduced by about 40%. In addition, when the localization
algorithm of license plate is the same, the recognition module
uses GRU + CTC, the recognition rate of license plate has
some improvement, and because the structure of GRU is
simpler compared with LSTM, it has obvious advantages in
recognition speed. Then, using the improved YOLOv5-LSE
for license plate location, because of the addition of the
attention mechanism, which increases the complexity of the
model, the recognition time increases by 4.93ms, but it has
less impact on the overall performance of the license plate
recognition model, and the improved algorithm improves
0.44% in recognition precision. In conclusion, the compre-
hensive performance of YOLOv5-LSE + GRU + CTC pro-
posed in this paper is better and the model has the highest
recognition precision.

The license plate recognition results using the YOLOv5-
LSE license plate recognition model proposed in this paper
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FIGURE 10. Recognition results with the proposed model.

under different practical scenarios and environmental condi-
tions are shown in Fig.10. Practical scenarios include streets,
parking lots and highways, and environmental conditions
include rain, strong light exposure and low light at night.
Considering that the license plate recognition part is relatively
small in the image, in order to show the recognition result as
much as possible, we have partially cropped the result image
and removed a little background part. As can be seen from
the figure, our recognition model is able to accurately detect
the license plate location and give the license plate character
recognition results and the precision values. The sub-images
(4, 5, 8) show the license plate recognition under different
lighting scenes, and the experimental results show that the
license plate recognition is accurate with recognition preci-
sion of 97.2%, 96.2% and 97.9%, respectively. Sub-images
(1,3,6,7) show the license plate recognition under complex
character conditions, which include consecutive identical
characters, numbers and letters with similar shapes and Chi-
nese abbreviations of different provinces in the license plate,
and the experimental results show that the model has a good
recognition effect. As shown above, the model proposed in
this paper can accurately recognize license plate images in
various scenes with strong stability and robustness.

V. CONCLUSION
Aiming at the problem that the traditional license plate recog-
nition method lacking accuracy and speed, this paper pro-
poses an end-to-end deep learning model for license plate
localization and recognition in natural scenes. In our exper-
iments, we worked on improving the deep learning-based
YOLOv5 target detection algorithm by adding an improved
attention mechanism LSE to its network structure. In addi-
tion, the number of parameters on the input side is reduced
and only a single target class parameter is set in the YOLO
layer. Finally, the recognition network is constructed using
GRU + CTC to complete the recognition of license plates
without character segmentation. The experimental results
show that the improved YOLOv5-LSE + GRU + CTC
license plate recognition model has obvious advantages over
the traditional model, with an average recognition precision
of 98.98% and FPS meeting the requirements of engineering
applications. At the same time, through example verification,
the improved model in this paper has good overall recogni-
tion effect in complex environment with strong stability and
robustness. In our future work, we are committed to apply

the license plate recognition algorithm in the paper to the
embedded system and realize the practical application work
of the algorithm in life.
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