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Abstract

We introduce a real-time Automatic License Plate
Recognition system that is computationally lighter by
eliminating the ROI  setting step, without
deteriorating recognition performance. Conventional
license plate recognition systems exhibit two main
problems. First, clear license plate visibility is
required. Second, processing actual field data is
computationally intensive and the ROI needs to be
set. To overcome these problems, we performed plate
localization directly on the entire image, and
conducted research taking low quality license plate
detection into account.

We aim to recognize the license plates of cars
moving at high speeds on the road as well as
stationary cars using the NVIDIA Jetson TX2 module,
which is an embedded computing device.
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1. Introduction

There are many license plate recognition systems
these days [1-3]. Most of these systems target large
or clear license plates. However, license plate data
collected from the actual field are not always
appropriate for processing. License plate images
comprising field data are often too small or unclear.
In fact, field data is often blurred because vehicles
are moving at high speeds or there is a lot of noise.
Therefore, most of the previous systems proposed
have difficulty in processing field data. Recently,
studies overcoming this problem have been
published, but due to the large amount of
computation, they cannot be used in real-time on
light, embedded devices.

Our purpose is to create a system that allows real-
time license plate recognition on a relatively light
device with less computation. To do this, we need to
develop a way to recognize relatively small license

plates from high-resolution images, such as 3K or 4K.

This allows you to skip the step of finding the car
area, reducing the amount of computation and
speeding up the system.

Real-time object recognition methods known as
1-stage detectors, such as YOLO or SSD, were used
in previous works for license plate detection and
character recognition. Initially, we trained the model
using YOLOv3 and SSD, but these were not efficient
because the license plate size was too small as the
input image size.

However, YOLOv4 solved this problem.
YOLOv4 was able to detect small license plates that
were often undetectable by YOLOvV3 or SSD.

2. Related work

In this paper, real-time 1-stage detectors SSD and
YOLO were used for license plate detection and
character recognition. The characteristics of each
detector are as follows.

2.1. Single Shot MultiBox Detector

Single Shot MultiBox Detector (SSD), was
published by W. Liu ef al. in 2016 [4]. SSD uses
VGG16 as the base network due to its high-quality
image classification, and then convolutional feature
layers that progressively reduce in size are added to
its end so that it is able to predict object at different
scales by the aspect ratio. The core of SSD is
predicting category scores and box offsets for a fixed
set of default bounding boxes using small
convolutional filters applied to feature maps. This
model has been improved and implemented by many
researchers by using ResNet or MobileNet instead of
VGG16.

2.2. You Only Look Once

The first version of the YOLO algorithm to detect
objects was published in 2016, named YOLOvI [5].
Prior work on object detection repurposes classifiers
to perform detection. Instead, J. Redmon et al. frame
object detection as a regression problem to spatially
separated bounding boxes and associated class
probabilities. A single neural network predicts
bounding boxes and class probabilities directly from
full images in one evaluation. Since the whole
detection pipeline is a single network, it can be
optimized end-to-end directly on detection
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performance. In 2017, the year after the initial
YOLO release, YOLO9000 (YOLOV2) was
published with various improvements, titled
“YOLO9000: Better, Fast, Stronger” [6]. In 2018,
YOLOV3 [7] was released with very slight changes.
The latest version called YOLOvV4 [8] was published
in 2020. YOLOv4, like YOLOV3, is a combination
of up-to-date techniques to improve its performance.

3. KETI-ALPR dataset

KETI-ALPR dataset contains information on
license plates collected in South Korea. It consists of
two main things. First, the position information of
the license plate relative to the overall image is
included. Second, information about the characters
forming the license plate code is included. The
license plate (LP) dataset consists of over 2000
images taken during the day and evening. Each
image contains 1 to 4 license plates. Character
dataset consists of over 3000 license plate images
taken during the day and evening. Each image
contains 7 to 9 characters.

Figure 1: Examples from KETI-ALPR dataset

4. Proposed ALPR approach
4.1. LP Detection

In this research, it is important to quickly and
accurately detect relatively small license plates in the
image without setting an ROI (Region of Interest) on
the input. Setting the ROI makes it easier to
recognize license plates. However, if you set an
arbitrary ROI, the system becomes limited, and
detecting the vehicle area and setting it as ROI slows
down the system.

We solved this by using YOLOv4. It has
improved detection of small objects compared to
previous YOLO versions or SSD. Performance and
speed can be tuned by adjusting the input network
resolution. In our case, the size of 256x256 was
selected because it was based on the performance of
the NVIDIA Jetson TX2 board. If you are not using a
resource constrained platform, it is better to choose
512x512 or 608x608.

We were unable to conduct speed improvement
tests because of camera device driver compatibility

issues with TensorRT 4. However, it has been
studied that using TensorRT 5 and YOLOvV4 can
provide speed improvements [9].

4.2. Character Recognition

At first glance, in a high-resolution image like 4K,
the license plate looks clear. However, when cars are
moving at high speeds, it is often difficult to
recognize the license plates in its original size, as
shown in Figure 2. When using an SSD or previous
version of YOLO, accuracy is poor because the
features to be calculated are not clear. This can also
be solved with YOLOv4. Similar to the LP detection
setup, network resolution is set to 256x256 in order
to speed up the processing time of the real-time
system.

5. Experimental results

We built the dynamic library by modifying only
the necessary code of darknet and developed the
system.

The license plate at the top of the image is small
and the search rate tends to be low. Even if detected,
the character part is crushed, making it difficult to
recognize. The best recognition is when there is a
license plate in the center or at the bottom as shown
in Figure 2.

Figure 2: Results of KETI-ALPR system

The experimental results for accuracy and speed
can be found in Tables 1 and 2. In general, the
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network resolution of 608x608 is more accurate than
the case of 256x256, but in our experiment, 256x256
was better. This is probably because the input license
plate images have widths ranging from 100 to 400
and heights ranging from 40 to 150, which is far
smaller than the size of 608, so there are fewer
features to calculate.

Table 1: The accuracy of each character detector

Detector Fl-score | IoU | mAP@O0.5
YOLOV3 (416) 0.93 84.91 71.53
YOLOV4 (256) 1 94.25 98.36
YOLOV4 (608) 1 89.55 98.12

Table 2: The computational time for each method

GeForce RTX NVIDIA
2080 Ti Jetson TX2
Detector Time FPS Time FPS
(ms) (ms)
SSD 51 19.6 74 13.5

SSD (TensorRT) | 4.38 | 228.3 | 32.5 | 30.77

YOLOv4 (256) | 9 | 111 | 105 | 95

YOLOv4 (608) 25 40 470 2.1

6. Conclusions

We propose a fast and accurate automatic license
plate recognition system that is suitable for
processing field data. By enabling small detection in
the image, the burden of setting the ROI area was
relieved, reducing the amount of computation and
increasing the speed. In addition, the performance is
improved by using YOLOv4 detector that can
recognize some contorted characters.

As future work, we propose to increase the
character recognition dataset. Since most of the
datasets were recently photographed in Seoul, the
number of old license plates, regional license plates,
and unusual character datasets is less than that of
general numeric datasets. Addition of rare license
plates to the dataset can improve the performance of
the training model.
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