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Meningkatnya  kepemilikan  kendaraan  bermotor  setiap  tahunnya
menyebabkan kurangnya monitoring informasi pada setiap kendaraan.
Sebagai salah satu metode yang digunakan untuk mengetahui informasi
kendaraan,  pengenalan  setiap  plat  nomor  menjadi  salah  satu  solusi
untuk  identifikasi  kendaraan.  Pemanfaatan  teknik  deteksi  objek
menggunakan  computer vision nomor kendaraan dapat mempermudah
proses  pengenalan  plat  nomor  kendaraan.  Proses  identifikasi  dan
pengklasifikasian karakter pada plat dilakukan secara bersamaan dengan
implementasi  yang  sederhana  yang  menjadi  keunggulan  penggunaan
computer  vision dalam  mengenali  plat  kendaraan.  Penggunaan
algoritma  Haar  cascade  classifier  pada  penelitian  ini  mengatasi
permasalahan deteksi plat yang dikombinasikan dengan Convolutional
Neural  Networks  (CNN)  untuk  melakukan  Optical  Character
Recognition (OCR) pada plat  kendaraan. Hasil  percobaan pengenalan
plat kendaraan secara in-situ pada empat kali pengujian secara real-time
diperoleh nilai akurasi rata-rata sebesar 42,67%.
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ABSTRACT (10 PT).

The  increase  in  vehicle  ownership  every  year  causes  a  lack  of
information monitoring on each vehicle. As one of the methods used to
find vehicle information, recognizing each number plate is a solution for
identifying  vehicles.  Utilizing  object  detection  techniques  using
computer vision in recognizing vehicle number plates can simplify the
plate recognition process. The process of identifying and classifying the
characters  on  the  plates  is  conducted  simultaneously  with  a  simple
implementation  which  is  a  benefit  of  using  computer  vision  in
recognizing  vehicle  plates.  The  use  of  the  Haar  cascade  classifier
algorithm in  this  research  overcomes  the  problem of  plate  detection
combined with the Convolutional Neural Networks (CNN) to conduct
Optical Character Recognition (OCR) on vehicle plates. The results of
vehicle  plate  recognition  in-situ  experiments  in  four  real-time  tests
obtained an average accuracy value of 42.67%.
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1. INTRODUCTION
Vehicles are a means of transportation that is widely used by humans to facilitate the activity of

moving from one place to another in a very short period [1]. A vehicle license plate, also known as a vehicle
police number, is an identifier owned by each vehicle as proof that the police legally identify the vehicle.
Each vehicle has a different license plate containing a specific combination of numbers and letters. Vehicle
license plates can store information such as the validity period of the vehicle license plate and the domicile
where the vehicle is registered [2]. As a result, developing a license plate recognition system is important to
know the information of each vehicle. License plate recognition is a research topic of great interest in the
field of Computer Vision (CV) and Deep Learning (DL) using digital image processing [3]. CV has recently
achieved remarkable results in the availability of datasets and graphics processing units (GPUs) capable of
running computations on enormous amounts of data [4]. One of the applications of license plate recognition
is electronic traffic law enforcement which is a utilization of license plate reading algorithms using closed
circuit television (CCTV) cameras as an analysis in the event of a traffic violation [5]. 

The problem faced by license plate recognition is the optimality of the system in overcoming the
influence  of  surrounding  environmental  conditions  such  as  varying  vehicle  positions,  uncertain  light
intensity,  variations in  the shape and character  of  license plates,  and the  speed of  passing vehicles  [6].
License plate recognition is used to identify an object so that the object requires good image quality so that
the segmentation process can be conducted [7]. The solution to the problem that can be solved to overcome
lighting  conditions  is  to  use  a  character-based  object  classification  approach.  The use  of  this  character
classification considers areas that allow the presence of characters in the vehicle license plate area [8][9].
Another problem that becomes an obstacle in the recognition of vehicle license plates is the variation in the
position of the detected object. The difference in the position of the object to be detected sometimes changes
into a problem in capturing the image, so it imposes the need for input data of recognition results to be
compared with the dataset that has been provided [10]. A study said that to solve the problem of variation in
the position of the detected object, prior knowledge of horizontal and vertical segmentation algorithms can be
used [8]. By utilizing the relationship between the position of the taillight and the license plate, a simple
method is obtained so that the object becomes easier to detect [11].

One of the primary challenges in license plate recognition using a webcam camera is the low quality of
the captured images. To address this, the Haar cascade classifier can be applied in optical character recognition
(OCR) [12].  Research on object  recognition in  vehicle  license plates highlights  the  necessity  of  adequate
hardware  specifications.  With  its  advanced  capabilities,  the  NVIDIA  Jetson  Nano  can  handle  higher
computational loads for character recognition, achieving an accuracy increase of up to 87% [13]. Further studies
aimed at enhancing the accuracy of Tesseract OCR and Easy OCR indicate that Easy OCR, leveraging a deep
learning approach, achieves a 95% accuracy rate on the NVIDIA Jetson Nano and Raspberry Pi 3B platforms
[14].  Additionally,  research  on  multi-stage  classifiers  applied  to  Haar  cascades  demonstrates  improved
classification accuracy, reaching 95.72% when using high-quality datasets [15]. This investigation addresses
challenges  related  to  edge  device  implementation  by  integrating  multiple  algorithms.  A  webcam camera,
combined with the OCR method and Haar cascade  classifier,  will  be employed to recognize  images and
accurately identify characters on vehicle license plates.

2. METHOD
In this research, Haar Cascade is  used as a  detector  to  detect  vehicle plates and Convolutional

Neural  Networks (CNN) are used to detect  and classify alphanumeric characters on vehicle plates.  This
system algorithm integration is conducted to formulate the design structure of identifying the characters
contained in the vehicle license plate. The proposed vehicle plate detection algorithm architecture in this
research is shown in Figure. 1.
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Figure 1. Proposed Algorithm Pipeline Architecture

The input data used is in the form of vehicle plate images obtained through real-time streams of
vehicle traffic entering the university area using a webcam. The results of real-time plate images detected
will be stored in a special folder that holds images of the region of interest of the plate and screenshot images
that have a timestamp. The region of interest image of the plate will be converted into a grayscale image and
scanned to see the character segmentation. If there are characters detected, then the segmentation bounding
box will be given. The reading result will be classified by the OCR algorithm.

2.1. Proposed Experimental Design
In this experiment, there are details of the design during the direct simulation of the vehicle license

plate detection with the model that has been prepared at the specified location (see Table 1). The tests were
conducted  at  the  university  entrance  gate.  The  determination  of  the  research  location  is  based  on
consideration of the entry point of vehicles from the main road into the university.

Table 1. Experimental Design
Parameter Description
Coordinate 5°59’46.1” S 106°01’55.5” E

Name of lane Jenderal Sudirman
Time of experiment At noon

Camera position Two meters above ground
Camera angle 160°

2.2. Interface Design
Vehicle license plate recognition is displayed online along with the plate detection process using the

Haar cascade approach. On the interface, the vehicle license plate recognition system displays information in
the form of date, month, and real-time, and there is a bounding box when the license plate is detected. The
prepared algorithm can generate a file of vehicle plate detection in ‘.csv’ format along with an image of the
plate and a screenshot of the webcam (Logitech C270) monitoring window during the detection process. The
detection result file contains details related to the time the plate was detected, the reading of the vehicle plate,
and the time of the final segmentation reading process. Detection results are automatically saved. Figure 2
depicts the live detection setup and interface display.

 
Figure 2. Live Detection Setup and Display
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2.3. Performance and Evaluation
Performance  testing  and  evaluation  are  conducted  to  determine  the  reliability  of  the  system in

conducting the process of detecting and reading vehicle license plates. In evaluating the accuracy of the plate
reading results, there are several parameters used, namely precision, recall, accuracy, and f1-score. The use
of confusion matrix in this study is to measure the performance of license plate reading based on true positive
(TP), which is the number of objects in this context characters on the plate that are detected correctly; false
positive (FP), which is the number of characters on the plate that are incorrectly detected; and false negative
(FN), which is the number of characters that are not detected for various classes of characters read.

Precision (1) is a parameter that evaluates the performance of the model in the process of classifying
characters on detected vehicle license plates based on the type of character class. In precision, the suitability
of readings is the result of the comparison between true positive readings and overall positive readings.

Precision= TP
TP+FP

(1)

Recall (2) measures actual positive case number that can be identified by the model. In recall, the percentage
can be calculated by comparing the detected plate readings with the actual number of vehicle plates.

Recall= TP
TP+FN

(2)

Accuracy (3) is the measure of the model in reading OCR on vehicle plates. Accuracy can be calculated
using the concepts of precision and recall with true negative.

Accuracy= TP+TN
TP+TN+FP+FN

(3)

F1-score (4) is a combination of precision and recall providing a more comprehensive picture of the model’s
performance. It is especially important to balance between the two if there is an imbalance between positive
and negative classes.

F1−score=2 x PrecisionxRecall
Precision+Recall

(4)

2.4. Edge Computing Devie Configuration
In this research, the edge computing device used is NVIDIA Jetson Nano. It is not as fast as the

computing process of a laptop or PC because it is only limited to a microprocessor. Therefore, to maximize
the  performance  of  the  device  used,  it  is  important  to  do  some  configuration  to  get  good  test  result
performance. Memory partitioning is necessary because the memory allocation that is read on the internal is
not complete. The partitioning of the remaining memory is done to add to the main storage. Furthermore,
remote  desktop  connection  using  RDP can  facilitate  the  testing  and  monitoring  process  and  adjust  the
conditions at the data collection location. This configuration is done so that there is no need to use hardware
devices such as monitors, mice, and keyboards directly.

3. RESULTS AND DISCUSSION
The images that had been collected and adjusted into a certain format were passed into several pre-

processing procedures such as resizing and converting the image to grayscale. Next, after pre-processing was
done, the collected dataset was used in the training and validation process. This stage was necessary to obtain
the accuracy of the model in the classification of the various character classes that would be scanned by the
system. Images that had been pre-processed were stored in ‘.JPG’ format. The ‘train’ folder was dedicated
for use as training data and the ‘val’ folder was dedicated for use as validation data. The separation into
different folders was done so that the process of managing and using data became more organized. On the
‘train’ and ‘val’ folders, there were thirty-six other folders for each character class. Each class folder contains
datasets of 241 to 243 data with a total of 8732 data from the ‘train’ and ‘val’ folders which would be
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processed into a model. From those data, the composition of the dataset that would be used in the OCR
model training process is determined. In this study, the composition of the dataset used can be seen in Table
2.

Table 2. Dataset Composition
Source
Dataset Total Images Train Validation

Kaggle 5000 90% 10%
Roboflow 3000 90% 10%

Independent 732 90% 10%

In  addition,  data  augmentation  by  characters’  rotation  was  also  conducted.  This  procedure  is
important in OCR mechanism for various shape and orientation of vehicle plate number.

     
Figure 3. Example of Data Augmentation

Figure  3  shows an  example  of  augmentation  of  character  ‘6’  being  rotated.  The  left-tilted  character  is
anticipated  in  the  case  of  viewing  angle  causes  a  non-straight  image  capture  when  the  vehicle  is
approaching/leaving from/to certain trajectories.

3.1.  Character Segmentation
The character segmentation process on vehicle license plates was carried out to provide a bounding

box for each identified character which would be divided into several character parts on the license plate.
Character segmentation on vehicle license plates was an important step in the OCR process, which was used
to recognize individual characters on vehicle license plates. This process involved several stages, from image
pre-processing to character extraction.

In the segmentation stage, it was important to note that the vehicle plate to be segmented must
already be in a grayscale image. The main purpose of converting color images into grayscale images was to
simplify the segmentation process. The next step is the detection of the character's region of interest to find
the contour surrounding the character. Having found the contours, a bounding box would be created around
each character. Figure 4 illustrates the result of aforementioned procedures.

Figure 4. Vehicle Number Plate Segmentation Visualization

This segmentation process could be affected by the angle of capture of the vehicle license plate, so
the  segmentation  process  became  inaccurate.  This  segmentation  process  was  done  by  utilizing  the
implementation of  the OpenCV library in Python so that  the characters contained on the plate  could be
identified by the model. Furthermore, the predetermined area of the plate image would be read by the OCR
system and recognized for each character based on classes that have similarities with the character. So that
from this process, the output is obtained in the form of reading the letter and number characters from the
vehicle license plate.

3.2.  Training Model
The model training stage was carried out using transfer learning with ImageNet as weights for the

model to be trained. The OCR model to be trained was based on the VGG16 and VGG19 architecture models
with the input data size for this model being 28x28. These two architectural models were chosen because
they had an accuracy rate of 90.1% for VGG16 and 90.0% for VGG19 and these architectural models tend to
be widely used in object detection. Before training the model, configuring the training path in the program
script  that  will  be run needs to be done.  The configuration for  the output  path model  was the same as
configuring the dataset path used as training data. The difference is from the folder used to store the model.
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The dataset training process in this research was carried out with a training script that had been
prepared separately from the main script for plate detection and reading. The dataset that had been collected
previously would be adapted to become a model with the “.h5” file format. Excluding top fully-connected
layers and adding 32 layers for ouput stage, the total parameters are 14,733,156 (18,468 trainable; 14,714,688
non-trainable). The resulting model occupies 57,775KB of disk space.

3.3.  Training Results
The dataset training process was carried out for 100 epochs which takes approximately 6 hours for

each architecture on VGG16 and VGG19. The results of the training process would be stored in a special
folder containing the model in the form of a file format that had been determined on the internal storage.
Table 3 details the training model results.

Table 3. Training Model Results
Model Accuracy       Loss Val_Accuracy   Val_Loss

VGG16 97.05% 10.4% 94.96% 16.95%
VGG19 97.38% 8.79% 95.18% 16.07%

Figure 5. Accuracy and Loss for VGG16 Model

Figure 5 shows training and validation accuracy and loss for VGG16 Model. Higher training accuracy was
obtained compared to validation. On the other hand, training loss is lower than validation loss. Avoiding
overfitting, this model is deemed suitable for implementation.

3.4.  Testing
In  this  research,  the  model  results  that  had  been  exported  are  evaluated  to  determine  the

performance in detecting and reading vehicle license plates in real time. The assessment of vehicle license
plate identification in this study was an in-situ scenario. Subsequently, the computational performance of the
Jetson Nano in its implementation as a device that performs the main computational process for detecting and
identifying vehicle license plates using Haar cascade and CNN is also evaluated.

Vehicle  plate  identification  testing  was  conducted  four  times  directly  during  the  day.  Vehicles
passing through the university entrance gate are captured. The power supply resources used in the form of
power  banks  have  limited  capacity  and  there  was  a  slight  decrease  in  FPS  caused  by  an  increase  in
temperature on Jetson Nano. Therefore, data collection was done in several repetitions or not continuously
with a duration of 30 to 45 minutes in each test to avoid failure during data collection.

Lighting does not vary due to testing conditions during work hours. The plate angle is fixed by
setting the vehicle path and camera position during testing. The vehicle speed when crossing is set  at a
typical level. The camera resolution is limited by the compatibility of the device used. From the elimination
of these controlled test conditions, the factor that can be identified is the performance of the edge device.

Table 4. Testing
1 2 3 4

Motor Car Total
Characters

Moto
r Car Total

Characters
Moto

r Car
Total

Character
s

Moto
r Car Total

Characters

Vehicle
Enter 28 0 28 35 0 35 37 0 37 55 0 55
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Vehicle
Exit 0 0 0 21 14 35 26 0 26 64 0 64

Total 28 0 28 56 14 70 63 0 63 119 0 119
TP 9 0 9 18 5 23 29 0 29 71 0 71
FN 12 0 12 25 7 32 23 0 23 40 0 40
FP 7 0 7 13 2 15 11 0 11 8 0 8

In the first test, the total number of vehicles passing through the entrance gate was twenty vehicles,
with details of twelve motorbikes with black background plates, four motorbikes with white background
plates, and four cars with black background plates.  From the first test results, as seen in Table 4, vehicle
plates with a white background are identified by the detection system with the measurement value obtained
for an accuracy of 32.14%. This accuracy can be said to be classified as exceptionally low due to the speed of
vehicles passing fast so the system cannot capture it accurately.

The second test observes a total of twenty-five vehicles passing through the entrance gate, with
details of eleven motorbikes with black background plates, eight motorbikes with white background plates,
two cars with white background plates, and four cars with black background plates. The results detailed in
Table 4 show that only vehicle plates with a white background can be identified with the measurement value
obtained for the overall accuracy of 32.85%. This accuracy could be classified as exceptionally low due to
the speed of vehicles passing extremely fast so the system cannot capture it accurately.

In  the  third  test,  the  total  number  of  vehicles  passing  through  the  entrance  gate  was  fourteen
vehicles, with details of five motorbikes with black plate backgrounds, and nine motorbikes with white plate
backgrounds. Table 4 shows the results where only vehicle plates with a white background can be identified
with  the  measurement  value  obtained  for  an  accuracy  of  46.03%.  This  accuracy  could  be  classified  as
exceptionally  low due  to  the  speed  of  vehicles  passing  extremely  fast  so  the  system cannot  capture  it
accurately.

The fourth test observes a total of twenty-three vehicles passing through the entrance gate, with
details of four motorbikes with black background plates, seventeen motorbikes with white background plates,
and two cars with black background plates. From the fourth test results in Table 4, vehicle plates with a white
background  could  be  identified  with  an  accuracy  of  59.66%.  This  accuracy  could  be  classified  as
exceptionally low due to the speed of vehicles passing fast so the system cannot capture it accurately.

Figure 6. Confusion Matrix

Figure 6 shows confusion matrix for four test results. It provides a breakdown of a classification
model’s  performance  by  comparing  actual  outcomes  with  predicted  results.  A  high  false  positive  rate
suggests that the model frequently misidentifies negative cases as positive, which might indicate an issue
with precision. Similarly, the false negative rate shows how often actual positives are incorrectly classified as
negatives,  affecting  recall.  The  conformity  percentage  between  actual  positive  and  predicted  positive
indicates an acceptable result. 

4. CONCLUSION
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A vehicle license plate identification system for OCR has been developed and implemented on an
edge device. An identification algorithm can be built utilizing CV through a combination of the Haar cascade
classifier  and  CNN.  Model  results  at  high  performance  with  VGG19  yielded  an  accuracy  of  97.38%,
precision of 75.7%, recall of 69.2%, and f1-score of 72.3%. In-situ testing for real-time schemes and non-
real-time schemes produces an OCR average reading accuracy of 42.67%. A crucial factor that affects the
performance during testing is the computational capability of the device. This research uses NVIDIA Jetson
Nano as an edge device that performs computations directly through a webcam interface consuming RAM
usage of 93.2%. In terms of computational processing speed for one frame, it could be classified as very
slow. This processing speed is related to the time required for the system to detect and read the vehicle
license plate contained in the frame. Nevertheless, this research includes original datasets obtained from in-
situ experiments, which provide valuable real-world data for further research on similar themes.
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