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Abstract—In the realm of research, the detec-
tion/recognition of text within images/videos captured
by cameras constitutes a highly challenging problem
for researchers. Despite certain advancements achiev-
ing high accuracy, current methods still require sub-
stantial improvements to be applicable in practical sce-
narios. Diverging from text detection in images/videos,
this paper addresses the issue of text detection within
license plates by amalgamating multiple frames of
distinct perspectives. For each viewpoint, the proposed
method extracts descriptive features characterizing the
text components of the license plate, specifically corner
points and area. Concretely, we present three view-
points: view-1, view-2, and view-3, to identify the near-
est neighboring components facilitating the restoration
of text components from the same license plate line
based on estimations of similarity levels and distance
metrics. Subsequently, we employ the CnOCR method
for text recognition within license plates. Experimental
results on the self-collected dataset (PTITPlates), com-
prising pairs of images in various scenarios, and the
publicly available Stanford Cars Dataset, demonstrate
the superiority of the proposed method over existing
approaches.

Index Terms—deep learning, license plate recogni-
tion and detection.

I. INTRODUCTION

In recent decades, the traffic situation has become
significantly more complex due to the global popula-
tion increase [1]. Intelligent Transportation Systems
(ITS) have been developed as a solution to the global
traffic issue. To deploy ITS models, the management
and automated recognition of vehicle license plates
are considered crucial components. Figure 1 illus-
trates the basic flow of license plate recognition soft-
ware. License Plate Recognition (LPR) using smart
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camera systems typically involves four steps: firstly,
the conversion of camera images into a format suit-
able for computer processing; next, the identification
of regions of interest within the monitored camera
image; subsequently, the recognition of characters
on the license plate; finally, the presentation of the
license plate recognition results [2].
o |

A

Figure 1. Image processing pipeline for License Plate Recogni-
tion.
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The traditional approach views a vehicle license
plate as a region of interest and recognizes the
characters as a sequence, followed by comparing two
sequences to identify the vehicle. In the research
study by Vaishnav et al. [3], the authors proposed a
system that utilizes optical character recognition tech-
niques and compares characters with stored templates
to obtain specific information about the license plate.
Comparing license plate numbers yields accurate
results; however, this method is effective only when
the license plate is clearly displayed in the image. If
the license plate is obscured or not securely attached
to the registered vehicle, inaccurate results may be
obtained.

These issues can be addressed by utilizing addi-
tional features of the license plate for comparison.
Unlike the traditional approach, deep learning models
based on multi-layered architectures can learn license
plate characteristics at different levels. These deep
learning models take raw images (without feature ex-
traction) as direct input. Most deep learning methods
for license plate recognition learn the plate features
within the model [14], [5]. Kessentini et al. [6]
designed a two-stream architecture: (i) stream 1 pro-
cesses input vehicle features; (ii) stream 2 processes
input license plate features. However, this method
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only performs license plate recognition from a single
viewing angle. Recently, with the rapid development
of widely distributed camera systems, multi-angle
data collection has become feasible. Consequently,
license plate recognition systems can benefit from
this multi-angle data. Different viewing angles of
the license plate provide the opportunity to extract
diverse features, which are useful for recognition.
In this study, we apply the YOLOVS architecture,
take license plates from multiple viewing angles
as input, and propose a deep learning model for
accurate license plate recognition in various real-
world situations.

II. RELATED WORK

License plate recognition is divided into two main
stages: (1) the license plate detection stage and (2)
the license plate recognition stage.

A. License plate detection stage.

Recently, computer vision-based methods for li-
cense plate detection have garnered significant at-
tention in Intelligent Transportation System (ITS)
applications. Achieving highly accurate license plate
detection is a fundamental component of traffic mon-
itoring aimed at increasing safety and automation
[7]. A comprehensive survey evaluating license plate
detection systems is presented in [8]. With the recent
strong advancements of deep learning algorithms
in various image processing and pattern recognition
domains [9], [10], [11], [12], single-camera object
detection systems based on Convolutional Neural
Networks (CNNs) have been investigated [13], [14].
However, these single-camera systems might not be
able to detect partially obscured license plates in
congested traffic contexts. An alternative approach to
overcome this challenge is to employ multi-camera
systems and integrate information from each inde-
pendent camera stream [15], [16]. Mukhija et al. [17]
proposed a method based on wavelet transform and
Empirical Mode Decomposition (EMD) for license
plate localization in images, addressing real-world
challenges such as lighting variations, complex back-
grounds, and changes in surroundings. MASK-RCNN
[18] introduced a simplified, flexible, and popular
segmentation framework that can create masks for
potential objects and accurately segment targets. The
YOLO model and its upgraded versions [19] con-
sider object detection as a regression task, enabling
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efficient object detection with high accuracy and fast
speed. Deep learning models and architectures based
on YOLO are increasingly popular in the research
community. Therefore, YOLOVS is utilized in this
paper as the framework for the license plate detection
component in our system.

B. License plate recognition stage.

Some license plate recognition systems are de-
signed to segment characters before recognizing
them. Segmentation methods can be categorized into
connected-component analysis [20], projection pro-
file analysis [21], prior character knowledge [22],
contour analysis around characters [23], and com-
binations of these methods [24]. It becomes evi-
dent that accurately classifying all characters within
a license plate is challenging when the character
segmentation component performs poorly. Conse-
quently, some researchers focus on proposing reli-
able character segmentation methods for license plate
recognition. Meanwhile, other studies concentrate on
suggesting license plate recognition methods without
character segmentation, transforming the problem
into a sequence labeling task [25]. Leveraging the
strengths of improved YOLO models, license plate
characters have been segmented and recognized in
[26]. The accuracy of character segmentation de-
pends on the segmentation performance and can be
affected by external conditions like light intensity,
blurriness of the license plate, etc. These conditions
can reduce the accuracy of license plate recogni-
tion. Currently, most researchers apply non-character
segmentation methods. RPnet, proposed by Xu et
al. [27], swiftly and accurately predicts license plate
bounding boxes, simultaneously determining the cor-
responding license plate by extracting features of Re-
gions of Interest (ROIs) from different convolutional
layers. This model surpasses existing object detection
and recognition models in both accuracy and speed,
achieving a 98.5% accuracy rate.

C. Character Recognition methods

In order to recognize characters within images,
many research groups [29] have relied on image
features for identification. The CRNN study [28] ini-
tially combines CNN and RNN to extract sequential
visual features from a specific text image. These
features are then fed directly into the CTC decoding
mechanism to predict the best character type for each
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time step. CTC [30] in this context is a loss function
used to train deep learning models. Most methods
recognize characters in a unidirectional manner. For
example, Lee et al. [32] encoded input text images
horizontally into 2D sequential image features, which
are subsequently input into the corresponding regions
with semantic information assistance from the previ-
ous time step. To mitigate mischaracterizations due
to scene distortion and skewed distribution, Yang
et al. [31] introduced an improved module prior
to character recognition. This module employed a
spatial transformation network with multiple control
point pairs. In our research framework, the CnOCR
module is utilized, applying unidirectional character
recognition to accurately locate character features and
enhance the recognition performance of the model.

III. PROPOSED METHOD

Our proposed approach is depicted in Figure 2,
comprising three main components: (i) the YOLO
model for license plate detection; (ii) the License
Plate Image Fusion algorithm for selecting the
highest-quality license plate image; and (iii) the OCR
model for character feature extraction and license
plate recognition. The input consists of individual
frames captured from cameras, which are divided
into different viewpoints (views) for each camera.
Each viewpoint becomes the input for a YOLO
model. In this paper, we optimize the YOLO license
plate detection model based on experimental results
from various benchmark datasets. The quality of
license plate images varies across different views,
including factors like angle, visibility, blurriness, and
distortion. Thus, we develop a License Plate Image
Fusion algorithm to combine similar license plate
images into a single image with enhanced informa-
tion. Finally, the fused license plate image is passed
through the OCR model for license plate recognition.

A. YOLO model

The YOLOv8 model is employed to detect license
plates appearing within frames. YOLOVS is chosen
due to its high accuracy in detection and fast process-
ing times, making it suitable for real-time applica-
tions. Moreover, the YOLOv8 model provides various
versions with different sizes, allowing deployment in
diverse environments.

Our system processes high-resolution input images
(3840 x 2160) decoded from high-resolution videos.
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We collected images of various vehicle types and
real Vietnamese license plates to create a custom
dataset. Subsequently, this custom dataset was used to
train the YOLOvS8 model in order to construct two
custom detection pipelines. The detection model is
capable of identifying seven different object types
(six vehicle types and different Vietnamese license
plates) within the input images. In this phase, vehicle
types and license plate occurrences are detected by
the detection model. If a license plate is detected,
the license plate image is cropped and passed on to
phase 2. In summary, the detection model is first
called to identify vehicle types and license plates. In
cases where the input image contains a large number
of license plates, the iterative process of recognizing
each license plate may take longer compared to
scenarios with only one license plate present in the
frame.

B. Image Fusion algorithm

In evaluating object detection methods, the Inter-
section over Union (IoU) metric [33] is commonly
utilized. The IoU is a crucial measure for assessing
the accuracy of object detection results. The underly-
ing principle of the IoU is depicted in Figure 3. The
IoU is calculated by dividing the area of intersection
between the predicted bounding box and the ground-
truth bounding box by the area of their union. This
provides a quantitative measure of how well the
predicted bounding box aligns with the actual object
location. To enhance the IoU metric, the Generalized
IoU (GIoU) was introduced to address situations
where the IoU loss becomes zero when the predicted
bounding box and the ground-truth bounding box do
not directly overlap. Moreover, DIoU [33], introduces
the Euclidean distance between the center points of
the predicted and ground-truth bounding boxes based
on the GIoU metric. This addition further refines
the evaluation by considering the spatial distance
between the bounding boxes, thereby aiding in speed-
ing up the convergence of object detection model
training.

While the IoU metric has undergone multiple
refinements across its various iterations, it still may
not be inherently suitable for the construction of
automated license plate recognition (LPR) models.
This stems from the fact that within LPR models,
if a license plate is detected with an excess of sup-
plementary information (the detection area surpasses
the actual license plate area), subsequent license plate
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Figure 2. Overview of our proposed method.
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Figure 3. IoU score.

recognition models may encounter fewer hindrances
in accurately extracting characters from the detected
license plate. However, when a license plate is de-
tected with information deficits (the detection area is
smaller than the genuine license plate area), this can
pose challenges for subsequent recognition modules,
thereby resulting in recognition inaccuracies. To ex-
pound upon this matter, we offer illustrative examples
as depicted in Figure 4. It is evident that the predicted
bounding box, as depicted in Figure 4, manifests a
larger area than the actual license plate region.

However, if the area of the predicted bounding
box happens to be smaller than the actual license
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plate area, it can result in certain characters not being
encompassed within the predicted region. Such infor-
mation loss can lead to errors in the final license plate
recognition outcome. Consequently, models based on
loss functions utilizing the existing IoU metric are
unable to effectively address these issues, as they
assign similar priorities to regions with both infor-
mation loss and surplus. A novel loss function based
on the IoU metric is imperative to achieve a more
balanced treatment between information loss and
surplus, thereby providing a more effective means
of handling these challenges.

After the IoU calculation, two regions are iden-
tified: (1) Non-overlapping region; (2) Overlapping
region. For the overlapping region, we employ an
image fusion method to generate an image with the
best quality. Given the source images denoted as
I; and I, a DenseNet model is trained to produce
the fused image. The output of the feature extractor
comprises feature maps ¢C1(I1),...,¢C5(I1) and
¢C1(12), ..., 9C5(I2) where C; represents a specific
layer within the feature extractor and ¢ is the feature
extractor. Subsequently, an information measure is
performed on these feature maps, resulting in two
measures denoted as gI; and gI2. In the subsequent
processing, the degree of information preservation is
denoted as wp and wo. I7, Io, If, wi, and wo are
utilized in the loss function without requiring ground
truth labels. During the training phase, w; and wy are
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C. OCR model

Figure 5 illustrates the chosen architecture of the
CnOCR network for the character recognition part.
Initially, a convolutional layer with 40 kernels of size
3 x 3 is applied to the input image, which is a matrix
block, to extract basic features. A subsequent pooling
layer aims to reduce the resolution by selecting the

B most prominent features within a 1 x 2 region. Two

additional convolutional sets (60 and 80 kernels) and
max pooling layers are added. However, the final
pooling layer employs a filter size of 2 x 2. Tra-
ditional architectures usually perform 2 x 2 pooling,
halving both dimensions. In contrast, we apply two
pooling layers to halve only the height, not the width.

= Lhe reason is that the maximum number of predicted
4 labels corresponds to the size of the time axis of the

Figure 4. Some examples of license plate detection

computed to determine the loss function. Afterwards,
a DenseNet module is optimized to minimize the
loss value. In the testing phase, w; and wy need
not be computed as the DenseNet model has been
optimized. Therefore, w; and wo are defined as:

(w1, w1] = softmax([%, %])

(1

In this context, we employ the softmax function to
map % and % to real numbers within the range
of 0 to 1, ensuring that the sum of w; and wy
equals 1. Subsequently, w; and wy are utilized in
the loss function to control the degree of information
preservation of specific source images.

The loss function is primarily designed to preserve
essential information and to train a single model
that can be applied to various tasks. It is defined

as follows:

L=E(w - MSE, 1, +ws- MSEy1,) (2)

This loss function is then utilized to train the
feature aggregation model, which combines features
from multiple different frames into an optimized
feature representation for the license plate character
recognition task in images.
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last layer, which is the width in our case. Due to the
dense and overlapping nature of some license plates
characters, we incorporate only a 2 X 2 pooling layer.
After the final pooling layer, a fourth convolutional
layer is added with an 80-sized kernel, followed by a
bidirectional LSTM layer with 100 hidden nodes.The
LSTM layer is instrumental in capturing contextual
information and dependencies between characters
within the text while convolutional layers are used as
feature extractors to analyze the visual characteristics
of characters and text regions. Lastly, a dense layer
with softmax activation transforms the 100 output
nodes at each position into probabilities for the 53
(52 + blank) target characters at each horizontal
position for character recognition. The key advantage
of CnOCR lies in its fast prediction speed, achieving
both accuracy and prediction time of 0.03 seconds
for a single license plate.

D. The license plate dataset and configurations

The PTITPlates dataset consists of 500 license
plate images labeled using the LabelMe tool. We
collected these images through cameras placed in
various industrial and road areas. The images capture
different angles and have been filtered to include
only those with visible license plates, which aids in
training and testing the proposed model. The training
parameters for our proposed method are presented
in Table 1. The total trainable parameters of the
YOLOvV8 model are around 11 million, while for the
feature fusion and OCR models, the parameter count
is smaller. The optimization algorithm we employ is
Stochastic Gradient Descent, and the loss function
used is cross-entropy.
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Figure 5. OCR model.

Table 1
PARAMETERS OF THE PROPOSED MODEL:

Parameters Layers Shapes
928 Conv [3, 32, 3, 2]

18560 Conv [32, 64, 3, 2]
29056 C2f [64, 64, 1, True]
73984 Conv [64, 128, 3, 2]
197632 C2f [128, 128, 2, True]
295424 Conv [128, 256, 3, 2]
788480 Cc2f [256, 256, 2, True]
1180672 Conv [256, 512, 3, 2]
1838080 C2f [512, 512, 1, True]
656896 SPPF [512, 512, 5]

0 Upsample | [None, 2, 'nearest’]
0 Concat [1]

591360 C2f [768, 256, 1]

0 Upsample | [None, 2, 'nearest’]
0 Concat [1]

148224 C2f [384, 128, 1]
147712 Conv [128, 128, 3, 2]

0 Concat [1]

493056 Cc2f [384, 256, 1]
590336 Conv [256, 256, 3, 2]

0 Concat [1]

1969152 C2f [768, 512, 1]
2116435 Detect [1, [128, 256, 512]]
Model summary: 225 layers, 11135987 parameters

We utilize loss value transformation graphs over
time to evaluate and compare the performance of
different loss functions. These graphs provide a vi-
sual representation that allows us to observe and
analyze the variation of the loss function during
training. We present three graph images in Figure
6, corresponding to three different loss functions:
(i) Localization Loss, depicting the training process
of license plate detection; (ii) Classification Loss,
illustrating the training of license plate classification
and image fusion model; and (iii) Connectionist Tem-
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poral Classification Loss, indicating the character
recognition process within the license plate.

Specifically, for the YOLOv8 loss function, the
Variational Focal Loss (VFL) is employed as the
classification loss, while the combination of Distri-
bution Focal Loss (DFL) and Complete Intersection
over Union Loss (CIOU) serves as the segmentation
loss. Similarly to conventional classification tasks, in
the license plate classification step, we employ the
Categorical Cross-Entropy loss with the following
formula (equation 3):

ECE:_Z%(

In which e represents the ground truth vector
(one-hot encoding) of the sample with a size of C,
which is the number of different classes, ypreq is the
predicted vector of the sample and NV is the number
of data samples.

Finally, in the recognition model, we utilize the
loss function with the general formula of CTC as
follows:

Ytrue * lo.g(ypred)) (3)

Lere = —log(P(Y]X)) 4)

Where P(Y|X) represents the probability of the
actual output sequence Y given the input sequence
X.

The results of the training process are depicted
in Figure 6. The loss values and accuracy during
the training process exhibit a pronounced fluctua-
tion in the initial epochs, gradually stabilizing in
the subsequent epochs, indicates that the model is
learning and improving over time. If the loss values
and accuracy exhibit instability during training then
proposed model may not be suitable for the dataset.
Our proposed model tends to converge to an optimal
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value after around 20 epochs. The training pro-
cess was concluded after 25 epochs. The validation
loss curves are generally close to the training loss
curves,implying that the model is not overfitting to
the training data. Additionally, the gradual, sustained
observed in the validation loss curves signifies a
continuous enhancement in the model’s capability
to generalize and excel when applied to unobserved
data.

IV. EXPERIMENTAL RESULTS
A. Accuracy Evaluation

We evaluated the models using the F1 score,
considering equal importance in the accurate classi-
fication of each class. From the results presented in
Table II, it can be observed that our proposed method
achieves higher F1 scores compared to the baseline
methods, such as the YOLOVS5 network which is
currently considered one of the best methods, as well
as other methods like YOLOvVS8 with Tesseract and
YOLOvV8 with CnOCR. This performance difference
can be attributed to the variations in the angles
of license plates and the impact of weather condi-
tions. Our model effectively identifies the partition-
ing mechanism using blocks and image fusion, result-
ing in improved performance. The F1 score for the
YOLOVS network is only 75.2% with the PTITPlates
dataset and 78.6% with the Stanford Cars dataset.
In contrast, our proposed method achieves F1 scores
of 91.3% with the PTITPlates dataset and 90.8%
with the Stanford Cars dataset. This phenomenon
arises due to the presence of substantial noise within
the Stanford Cars dataset and its limited variety
of viewing angles, as compared to the PTITPlates
dataset. This observation underscores a vulnerability
commonly associated with datasets that lack diversity
in viewing angles. The detailed confusion matrix
of the proposed license plate detection model is
provided in Figure 7. As displayed in the confusion
matrix, the proposed method accurately categorized
the majority of specific license plates, as evidenced
by elevated counts of True Positives (TP). However,
it encounters challenges in certain instances, particu-
larly when confronted with blurred plates, leading
to the presence of False Positives (FP) and False
Negatives (FN).

B. Real-world testing

In this experiment, we also integrated the model
into a practical application. Some images of our
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Table 11
COMPARISION RESULTS

Dataset Method F1-Score
Stanford Cars | YOLOv5 + Base OCR 78.6
YOLOVS + Tesseract OCR | 80.3
YOLOv8 + CnOCR 86.3
Our proposed method 90.8
PTITPlates YOLOVS5 + Base OCR 75.2
YOLOVS + Tesseract OCR | 82.9
YOLOvV8 + CnOCR 85.2
Our proposed method 91.3

model’s predictions are shown in Figure 8. We de-
ployed the system to handle 30 cameras, grouped into
10 columns, to monitor vehicle entries and exits in
an industrial zone. Due to the substantial volume of
incoming images, we designed a distributed system
with 10 integrated API endpoints, each utilizing
our model. On average, each model processed data
from 3 cameras, achieving a license plate detection
latency of 0.1 seconds. This result is quite impressive
for the deployment of a license plate detection and
recognition system.

V. CONCLUSION

In this paper, we proposed a feature fusion model
from multiple perspectives based on the YOLOvV8
and CnOCR architectures for license plate recogni-
tion. Through evaluations on various datasets, ex-
perimental results demonstrated that the proposed
model achieved impressive results, with an F1 score
of 91.3% on the self-collected PTITPlates dataset.
Notably, this dataset is noisy and affected by weather
conditions, resulting in poor image quality of license
plates. The proposed model showcased robust per-
formance across diverse contexts with high accu-
racy. In the future, Generative Adversarial Networks
(GANS) could be employed for data augmentation,
simulating license plates from different regions to
address class imbalance issues among Vietnamese
character groups within the dataset. This could poten-
tially enhance accuracy. Additionally, self-supervised
learning models, such as zero-shot learning, could
be utilized to fine-tune the network based on the
localization accuracy of specific character features
within license plates, potentially leading to even
better results.
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NHAN DANG BIEN SO XE DUA TREN MO
HINH PA GOC NHIN

Tom tdt: Trong giéi nghién ctu, phat hién/nhin
dang vin ban trong anh/video thu vé& tif camera la
mot bai todn diy thach thifc véi cac nha nghién ciu.
Mic di c6 nhiing tién bd nhit dinh v6i do chinh
X4c cao, cac phuong phap hién tai van can nhiéu cai
tién dé c6 thé dp dung dugc vao cic ung dung thuc
té. Khac v6i cac bai todn phat hién vin ban trong
anh/video, trong bai bao nay, chung téi hudng t6i
phat hién vin ban trong bién sd xe bang cich két
hop nhiéu khung hinh khic nhau. V6i mdi géc nhin,
phuong phap d& xuit trich xuit cic dic trung mo ta
dic diém ctia thanh phan vin ban cta bién s6, cu thé
la cac diém géc, dién tich. Cu thé, ching t6i dua ra 3
g6c nhin view-1, view-2 va view-3 dé tim cac thanh
phan 1an can gan nhét gitp khoi phuc cdc thanh phan
clia cing mdt dong vin ban clia bién s6 xe dua trén
udc tinh mitc do tuong tu va phép do khoang cach.
Sau d6, ching toi st dung phuong phip CnOCR dé
nhan dang chii trong bién s6. Két qua thir nghiém
trén bo di li€u tu thu thap (PTITPlates), chia cap
hinh anh trong cdc tinh huéng khic nhau va bo di
liéu dugc da duge cong bd (Stanford Cars Dataset),
cho thiy ring phuong phip dugc dé xuét vudt troi
hon céc phuong phap hién co.

Tir khoa: License plate recognition, deep learning
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