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Abstract. Deep learning is a research field with great application
potential. However, training a deep learning model requires a large
amount of paired data, which is time-consuming and expensive
for real-world applications. In light of this problem, researchers
have conducted methods to overcome the lack of training data,
including data augmentation, data enhancement, transfer learning,
and semi-supervised learning (SSL). Based on this concept, in
this study, we conduct a self-training method to fine-tune a YOLOv4
license plate detection framework that requires only a limited amount
of training datasets. The framework requires only a small amount
of labeled data to complete the training process. Furthermore, this
study utilizes Tesseract optical character recognition (OCR) on the
detected license plates to achieve better performance. We propose
a high-performance license plate recognition system for detecting
different tilting angles and complex backgrounds. c© 2022 Society
for Imaging Science and Technology.
[DOI: 10.2352/J.ImagingSci.Technol.2022.66.4.040404]

1. INTRODUCTION
Automatic license plate recognition is one of the core
technologies of the smart city concept. Applications can
be developed through real-time object detection and image
analysis when the city’s traffic construction consists of
networkedmonitors, including redline illegal parking billing,
roadside parking charges, stolen car query system, etc. For
example, on-street parking fees have always been one of
the most important sources of government revenues, and
on-street parking management is also closely related to the
city’s traffic congestion and vehicle emissions. However, to
achieve automatic on-street parking fee management, there
are some challenges to be solved. For instance, the variety
of different street scenes, different heights and widths of
vehicles, the short distance between two consecutive parking
spaces, and parking violations being often on the streets.
To achieve billing or charging with automatic license plate
recognition technology, it is necessary to overcome the
problems such as the extreme tilt of the captured image,
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high viewing angle, and small license plate area in the
image. Compared with the license plate recognition task of
a fixed camera at the gate of a parking lot, the license plate
recognition of on-street parking is more challenging.

The license plate recognition system can be divided into
two stages: license plate detection and character recognition.
For license plate detection, the gray-scale intensity change of
the license plate area should be the strongest in the entire
vehicle image, as well as the shape of it has a fixed aspect
ratio. Therefore, many researchers use edge-based methods
to detect the location of license plates. Refs. [1] and [2]
combine edge statistics and mathematical morphology to
find the rectangular area thatmay be a license plate.However,
although the edge-basedmethods have high execution speed,
it is difficult to apply to complex images. On the other hand,
the color-based method [3, 4] leverages the color feature of
the license plate as the basis for the segmentation of the
license plate and the background. Despite its simplicity and
effectiveness, it may not be applicable in real-world scenarios
since the color changes with different lighting conditions.
The symmelet-based method [5] and texture-based method
[6, 7] are also used to extract important features of license
plates. Ref. [8] introduced a license plate detection method
based on Gabor conversion. Although the performances of
these methods are encouraging, being both time consuming
and computational consuming makes it unsuitable for real-
time applications. Moreover, Ref. [9] uses Haar-like features,
which are invariant to the size, color, and brightness of the
license plate, to detect objects. However, the performance
of their methods are still very limited. In addition to the
methods mentioned above, the template-matching method
can also be effective for license plate detection tasks.
However, it is not flexible and expandable for input images
of different sizes [10].

Traditional object detection algorithms are usually di-
vided into two steps: feature extraction and object classifica-
tion. Designing such algorithms requires domain knowledge
and real-world experiences. Moreover, a lot of tuning work
is required to achieve better results. With the rise of deep
learning, which is a powerful tool that learns knowledge by
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being trained with a large amount of training data, many
studies have recently proposed using convolutional neural
networks (CNN) for the location and feature extraction
of license plates, which outperforms traditional license
plate detection methods [11, 12]. Due to CNN’s powerful
feature-extracting capabilities, capturing the local details and
overall features of the image layer by layer through CNN has
become a popular method for object detection. CNN is often
combined with candidate boxes and classifiers to perform
object detection. YOLOv4 is a state-of-the-art object detector
[13] based on the innovative CNN architecture. It is simple,
fast, and robust background, which has large improvement
on both accuracy and computing time.

Although CNN-based deep neural network (DNN)
models are the mainstream research direction of image
recognition and object detection, it requires a large number
of labeled training data for developing deep learning
applications. The training data need to be representative
and cover various changes, otherwise, the trained model
may be biased or result in poor performance. Due to the
drawbacks of being time-consuming and costly to label
a large amount of data, many researchers have devoted
themselves to proposingmethods, such asweakly-supervised
learning [14], mix-supervised learning, or using SSL [15],
which is trained with a small amount of labeled data
and a large amount of unlabeled data, that can solve the
lack of training data. The methods mentioned above have
gained lots of attention in recent years. Moreover, SSL
combined with data augmentation can further improve the
generalization and robustness of DNN models [16, 17]. The
geometric and color space augmentation of the input image is
a very important factor to improve the generalization ability
[18]. However, most data augmentation techniques are often
used in image classification tasks, while object detection and
other tasks could also be improved with the augmented data.
The complexity of data augmentation for object detection is
much higher than that of the image classification problem
since the geometric transformation of the image data will
cause the position of the bounding boxes to also change,
making the originally labeled data no longer applicable. In

other words, although using data augmentation does not
increase the complexity or slow down the speed of anymodel
architecture, it is more difficult to design a reasonable data
augmentation strategy suitable for object detection tasks.

Based on the above reasons, in this study, we propose a
method that combines self-training and a data augmentation
method suitable for object detection via YOLOv4 license
plate detection architecture that requires only a limited
training data set. Self-training is a wrapper method for SSL
algorithm, which can reduce the need for labeled data during
the training phase of DNN model. For data augmentation,
since the bounding boxes of the labeled training data are
of different numbers and sizes, it is difficult to match the
bounding box labeled in the original image if the image is
changed through disturbances such as rotation or distortion.
Thus, this paper uses data augmentation methods such as
Mosaic [13], Colour [19], and SMDWT [20] to maintain the
corresponding relationship between the original image and
the predicted bounding box coordinates of the disturbing
image. To further identify the license plate numbers, we also
process the detection results into the subsequent Tesseract
OCR module [21] to create a system that can be applied
to various license plate recognition systems with complex
background.

2. RELATED APPROACHES
2.1 Self-training Method
Self-training is an effective way to strengthen the existing
classifiermodel by using unlabeled data. It leverages a trained
small data classifier model to give the unlabeled data soft
labels to increase the training data [15]. For a labeled data
set

{
(xr , ŷr )

}R
r=1 and an unlabeled dataset {(xu)}R+Uu=R+1, the

amount of data without the label should be much larger than
of with label, that is, U � R. First, the labeled data is used
to train a classifier model f ∗. After that, f ∗ is applied to the
unlabeled dataset in order to get

{
(xu, yu)

}R+U
u=R+1. Then, a

part of the data can be removed from the unmarked data set,
and added to the marked data set based on the confidence
level or weight. Finally, the model can be retrained, and the
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Figure 1. The flowchart of the self-training algorithm.

above steps are repeated until it converges. As shown in
Figure 1, this method of using the trained classifier model
to mark unlabeled data is also called pseudo-labeling, which
effectively solves the problem of insufficient labeled data
when training a DNNmodel.

2.2 YOLOv4 Object Detection
A YOLO algorithm views object detection as a regression
problem. From image input to output prediction, thismethod
is implemented by only a single CNN model to predict the
coordinates of multiple bounding boxes and calculates the
probability of the object category for each bounding box.
Such end-to-end training method increases the execution
speed while solving problems like the traditional object
detection frameworks. The process of YOLO is to normalize
an image and then slice it into S × S grid cells. If the
center of an object falls within a certain grid, the grid
is responsible for the detection task of the object. During
training and testing, each grid performs the prediction
of B bounding boxes and the probability of the category
to which it belongs. YOLOv2 removed the FC layer of
the YOLOv1 network and introduced the anchor box to
predict the bounding box. Although YOLOv3 does not
have revolutionary innovations, it refers to the concepts of
networks such as ResNet and feature pyramid network (FPN)
to further improve performance.

Researchers including Wang et al. published the Cross-
stage partial network (CSPNet) [22] with low hardware
resource requirements and high accuracy in 2019. This
architecture increases gradient combinations and maximizes
the diversity of gradients, which can effectively solve the
problem of gradient vanishing of a convolutional network.
The YOLOv4 algorithmuses CSPDarkNet53 as the backbone
to strengthen the learning ability of the convolutional
network, and the neck part adds the spatial pyramid pooling
(SPP) and path aggregation network (PANet). The SPP block

is used to reinforce the receptive field, and PANet replaces
the FPN of YOLOv3 to do parameter aggregation in different
levels of detectors. When the input image is scaled to a
size of 416 × 416 and sampled by CSPDarkNet53, three
feature maps of different scales will be obtained. The last
feature map will be subjected to 5× 5, 9× 9, and 13× 13
maximum pooling operations, and then merge the results
to get a 13 × 13 feature map. These three feature maps
of different scales are sent to PANet for regression and
classification operations, and the bounding box coordinates
and confidence level of the target object can be obtained.
The YOLOv4 algorithm achieves the best balance between
accuracy and speed, which obtained preferable performance
than that of other R-CNN networks [13]. The main network
structure of YOLOv4 is shown in Figure 2.

2.3 Data Augmentation
When the size of the training dataset is insufficient to train a
DNNmodel, unlike SSL, which changes the learning strategy
to improve performance, data augmentation directly solves
the problem from the root of the problem by generatingmore
training data from existing training data. Since preparing
similar samples for training in advance for all test samples
that need to be inferred is costly and hard to obtain,
data augmentation techniques improve the training dataset
by expanding it, which also increases the diversity and
robustness of training samples. These techniques improve
and scale up the training set to expose the model to unseen
scenarios, allowing DNN models to learn from situations
with more diversities.

2.3.1 Mosaic Data Augmentation
Geometric augmentation includes random scaling, cropping,
flipping, and rotating, etc. However, these types of augmen-
tation are not easy to be applied to the training tasks of object
detection models, since the image generated by geometric
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Figure 2. Main structure of YOLOv4 [23].

Figure 3. Mosaic data augmentation.

distortion will cause the position of the target object to
change, thus affecting the coordinates of its bounding
box. Different from traditional data augmentation methods,
which involves distorting, flipping, or changing the tone of
an image, Mosaic data augmentation crops four image crops
randomly and then stitch them into one image as additional
training data. As shown in Figure 3. Figure 4 shows some
examples of mosaic data augmentation on vehicle images.

2.3.2 Colour Data Augmentation
Colour data augmentation including changing the bright-
ness, contrast, saturation, HSV jittering, color channel
dropping uses randomly distorted color channels without
impacting the locations of the bounding boxes. Since there
will have a light deviation in the actual image, it is necessary
to enhance the light during training. Figure 5 shows the result
of Colour data augmentation of the license plate image.

2.3.3 2D-SMDWT Data Augmentation
The 2D-symmetric mask wavelet-based discrete wavelet
transform (2D-SMDWT) architecture used in this system

was proposed by Hsia et al. [20]. It retains the advantages
of lifting-based 2D-DWT and can increase the computing
speed, also reducing the overall computing complexity at the
same time. The overall architecture is shown in Figure 6.
Through derivation and simplification, 2D-SMDWT can
obtain four subbands through the calculation of four masks.
Since the low-low (LL) band of the image can remove some
high-frequency noise and retain important characteristic
information, in this study, we only capture the LL band
feature for data augmentation. Figure 7 shows an example of
data increase using the LL band.

2.4 Tesseract OCRModule
Tesseract is an OCR engine developed by HP Labs [21]. In
2006, Google restarted it as an open-source project. This
project currently supports mainstream operating systems
such as Windows, Linux, and Mac OS. The architecture of
Tesseract OCR engine is shown in Figure 8. To perform
the Tesseract OCR, Otsu’s thresholding is used to binarize
the image. After that, page layout analysis completes the
extraction of text blocks in the document and divides the
image into text and non-text areas. Finally, the model detects
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Figure 4. Example of Mosaic data augmentation.

Figure 5. Colour data augmentation (brightness = 0.5, saturation = 0.6, contrast = 0.7, hue = 0.8).

the baselines of each line of text, then cuts the content of the
text into words.

3. SELF-TRAINING BASED LICENSE PLATE
RECOGNITION SYSTEM

The license plate recognition system in this research contains
two parts: license plate detection and license plate character
recognition. The license plate detection is implemented
through YOLOv4 and uses methods such as data aug-
mentation and self-training to improve performance. The
license plate character recognition system is constructed
using Tesseract OCR. The architecture is described in detail
below.

3.1 Self-training Based YOLOv4 License Plate Detection
The main difference between YOLOv4 object detection and
general image classifiers is that the output of the object
detection model includes the coordinates of the object’s
bounding box and the probability of its category. When

applying the self-training method to train the license plate
detection system, the YOLOv4 model we trained with small
data in advance is used to output the license plate bounding
box coordinates of the unlabeled test data. Test elements,
whose confidence score is greater than the threshold λwill be
moved from the test data set to the labeled training data set
as the augmentation data for retraining the YOLOv4 model.
After repeating the above steps several times, a high-accuracy
license plate detection model can be obtained, as shown in
Figure 9.

3.2 License Plate Character Recognition
After obtaining the correct boundary frame coordinates of
the license plate through YOLOv4, the result of character
recognition will be output through Tesseract OCR. Finally,
the license plate area and the recognized license plate number
will be displayed on the vehicle image, as shown in Figure 10.
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Figure 6. The architecture diagram of SMDWT.

Figure 7. Data augmentation of 2D-SMDWT.

4. EXPERIMENTAL RESULTS ANDDISCUSSION
In this section, we use a small number of images to train
6 different slightly different YOLOv4 detection models, and
then input 1000 unlabeled test images into themodels trained
by each model to analyze the difference in performance.

4.1 Datasets Self-training Based YOLOv4 License Plate
Detection Model
The images of the vehicles used in this study were taken from
typical roadsides including outdoor parking lots, under the
shade of trees, roadside parking spaces, and slopes. In order
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Figure 8. Engine block diagram of Tesseract OCR.

Figure 9. The architecture diagram of proposed plate detection method.

Figure 10. License plate character recognition module.

to obtain various situations in the training data, there are
no restrictions on the direction and angle of shooting. The
vehicle image database used in the experiment has a total
of 1100 images, of which 100 are labeled images and the
remaining 1000 are all unlabeled test images.

4.2 Performance of the Self-training Based YOLOv4
License Plate Detection Model
To evaluate the performance of different self-training based
YOLOv4 license plate detection models, we conduct an abla-
tion study by training 6 different YOLOv4 detection models
using 100 labeled images. The 6 different models for ablation
study are: the YOLOv4 detection model without any data

augmentation, GrayScale data augmentation only, SMDWT
data augmentation only, Colour data augmentation, Mosaic
data augmentation, and all the data augmentation methods
combined. For training details, we test 1000 unlabeled test
images on the YOLOv4 detection model trained by each
method to analyze the difference in performance, as shown
in Table I. After obtaining the pseudo label for the unlabeled
data, we use self-training to retrain the YOLOv4 model with
the best mAP performance (i.e., 85.4%). As shown in Table I,
our model achieves 94.6% on the detection success rate.
Table II shows the statistical table of detection success and
detection failure of the test samples.
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Figure 11. Successful cases of license plate positioning and character recognition.

Figure 12. A case where the license plate is successfully located, but there are some errors in character recognition.

4.3 License Plate Recognition Result
Figures 11 and 12 shows the experimental results of some
of the examples from the testing dataset detected by the
proposed license plate recognition models. The four images

in Fig. 11 contain front and inclined license plates with one to
two vehicles in the images. According to the test results, our
system successfully detects the license plates of all vehicles in
these images, as well as completes the character cutting and
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Table I. Training results of different Data Augmentation methods for YOLO v4 model.

After
Original GrayScale SMDWT Colour Mosaic ALL Self-training

mAP 71.0% 71.7% 74.0% 74.6% 79.4% 85.4% 94.6%
Precision 65.0% 72.0% 76.0% 72.0% 76.0% 83.0% 92.0%
Average IOU 45.6% 53.8% 55.4% 56.6% 61.5% 73.8% 82.5%

Table II. YOLOv4’s detection success rate of test data.

YOLOv4 model with YOLOv4 model with small data
small data + Data augmentation Our method

Successfully detected 710 photos 854 photos 946 photos
Detection failed 290 photos 146 photos 54 photos
Detection rate 71.0% 85.4% 94.6%

license plate number recognition. The last recognized license
plate number will be displayed in white characters above the
license plate in the photo.

Fig. 12 shows some examples of incorrect recognition of
license plate numbers. The viewing angle of the license plate
in these three images has a severe distortion and is in extreme
angles. Although the license plate detection model we built
can still correctly detect the location of the license plate, the
subsequent character recognition error occurs.

5. CONCLUSION
In this study, we proposed a license plate detection method
suitable for training on limited datasets. Self-training al-
gorithms and data augmentation methods are adapted to
train the YOLOv4 detection model, which can effectively
increase the size of the training dataset, and train a
high-performance license plate detectionmodel based on the
generated training data. After performing object detection,
we use Tesseract OCR as character recognition module.
The character recognition module predicts the license plate
number after receiving the image of the located license plate
area. The experimental results show that the framework
proposed in this study can indeed use a small amount of
additional data to train an object detection model with
competitive performance.
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