Received: 23 September 2022 | Revised: 10 November 2022 | Accepted: 11 November 2022 | Published online: 16 November 2022

Artificial Intelligence and Applications
2025, Vol. 3(1) 1-9
DOI: 10.47852/bonviewAlA2202421

)

BON VIEW PUBLISHING

RESEARCH ARTICLE

License Plate Number
Detection in Drone Images

Hamam Mokayed"* @ , Palaiahnakote Shivakumara? @ , Lama Alkhaled! @ and Ahmed N. AL-Masri®

! Department of Computer Science, Electrical and Space Engineering, Lulea University of Technology, Sweden
’Department of System and Technology, University Malaya, Malaysia
3Studies, Research and Development, Ministry of Energy and Infrastructure, UAE

Abstract: This work aims to figure out a way to accurately identify license plate numbers in photos taken by drones. This technology is used
in practical applications like managing parking and traffic. The goal is to extract features from the images that are robust and invariant
features using the phase congruency model. These proposed features can handle the challenges posed by drone images. After that, the work
will take advantage of a fully connected neural network to tackle the difficulties of fixing precise bounding boxes regardless of orientations,
shapes, and text sizes. The proposed work will be able to find the detected text for both license plate numbers and natural scene images
which will lead to a better recognition stage. Both our drone dataset and the benchmark license plate dataset (Medialab) are used to assess
the effectiveness of the study that has been done. To show that the suggested system can detect text of natural scenes in a wide variety of
situations. Four benchmark datasets, namely SVT, MSRA-TD-500, ICDAR 2017 MLT, and Total-Text are used for the experimental
results. We also describe trials that demonstrate robustness to varying height distances and angles. The code and data used in the

study will be made available on GitHub.
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1. Introduction

The rapid growth of cities and the migration of people to urban
areas have led to a significant increase in the number of vehicles,
particularly cars, in countries like Malaysia, India, and China. This
has resulted in several public safety issues related to cars and has
overwhelmed the capabilities of towns [1-3]. These issues
include problems with car parking management, organizing car
spaces, and traffic management, which can lead to illegal car
parking. To address these issues, some systems rely on detecting
license plate numbers and sensors. However, these conventional
systems may not be effective in densely populated towns with
large car parks. Additionally, manually processing a large car
park area is not practical. Therefore, the use of drones or
unmanned aircraft vehicles to capture a large car park area
and traffic is proposed as a solution that can quickly and
automatically find a solution.

Drone images present unique challenges compared to regular
images taken from a straight-on angle, such as poor image quality
caused by defocusing, variations in height distance, and
perspective distortion due to an angled shot. Additionally, as the
height of the drone increases, not only does the number of
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vehicles in the car park area increase, but also the size of the
license plates becomes smaller. This is because the camera’s focus
spreads out as the height distance increases, which affects the
quality of the license plate number, as can be seen in the sample
images in Figure 1(a). The license plates appear small and are
occluded due to the angled shot. These challenges make detecting
license plate numbers in drone images difficult. To the best of our
knowledge, this is one of the initial attempts to address these
challenges in the scope of this paper.

The task of detecting license plate numbers (LPD) is not a novel
problem in the field of intelligent transportation systems. In the past,
various methods have been developed to address issues such as
recognizing license plates that are dirty or obscured, identifying
license plates in images captured under different weather conditions,
handling uneven lighting, and dealing with complex backgrounds
[4]. Detection of license plates in images taken in uncontrolled
environments, images that contain multiple vehicles, and images
that are taken under difficult conditions such as lighting variations,
dirt, and distortion is a difficult task. However, these methods are
not suitable to handle the specific challenges posed by drone
images, as they were developed for images taken from a straight-on
angle [5, 6]. As shown in the example in Figure 1(a), the license
plate detection method that uses the YOLOvV3 architecture to detect
license plates in various conditions [5] is unable to detect license
plate numbers or text in natural scene images. This is not surprising
as the method was specifically designed for license plate detection,
so it is not optimized for natural scene images.
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Figure 1
Example of text detection results (a) by existing license plate
detection method, (b) by natural scene text detection method,
and (c) by the proposed system

If we consider the task of detecting license plate numbers as
the same as detecting text in natural scene images, as stated in
Shivakumara et al. [7], there are several powerful deep learning-
based methods available in the literature that can address
challenges such as images with text of arbitrary orientation,
multi-script, irregularly shaped text, low contrast, and complex
backgrounds. However, none of these methods have been
specifically designed to work with drone images. As a result, the
existing natural scene text detection methods may not perform
well when applied to drone images. This is demonstrated in
Figure 1(b), where a method [8] that uses a differential
binarization network to detect text in natural scene images is
able to detect text in natural scene images but fails to detect
license plate numbers in drone images of license plates.
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In contrast, the proposed system has better text detection
capability for both license plate images captured by drones and
natural scene images captured by a straight-on angle, compared to
the existing methods. To address the challenges of detecting
license plate numbers in drone images, we propose to use a
modified version of the phase congruency model (PCM) [9, 10].
The PCM is robust to the effects of non-uniform illumination,
geometric transformations, and some level of distortion, making it
well suited for license plate detection in drone images. The PCM
takes into account both amplitude and phase angle information,
which are insensitive to these issues, and thus it helps to enhance
the fine details (such as the edges of the license plate numbers) in
the images.

2. Related Work

Both finding the registration number of the car and textual
information from original images are similar [7]. This is a logical
conclusion as both rely on finding the contrast differences
between the background and foreground data. Additionally, the
work related to find the textual information out of the images
captured by drones is very limited. Thus, our review will focus on
methods for both registration number of the car along with textual
information in general captured images.

2.1. State of the art of finding text in natural
scene images

Bartz et al. [11] conducted research that mixed between both
labeled and unlabeled training for textual identification by using
a shallow learning network, unlike other methods. The work
proposed a combined spatial-based transformer to perform the
task. Shi et al. [12] introduced a method to apply Neural Network
(NN) for a sequential order of images to be used for better text
detection identifying. The network integrates feature extraction,
sequence modeling, and transcription into a single system. On the
other hand, Tian et al. [13] put forth a model for locating and
identifying text from videos recorded via tracking. The approach
works well with videos but still frames. Ma et al. [14] proposed a
method to find arbitrarily oriented scene text via rotation
proposals. The method utilizes a deep architecture to exploit the
orientation of the text, which they call rotation region proposal
networks. Liao et al. [15] applied a single-shot-oriented text finder
without a need any enhancement after processing. This proposed
method needs only few data for training. The method works well
for arbitrary orientations, small fonts, and irregular-sized text in
images. Xu et al. [16] proposed a method of learning a deep
direction field for irregular scene text detection. The method uses
a fully convolutional neural network to determine the direction of
the text. The results are improved by the post-processing step. The
main aim of the method is to address the challenges of arbitrarily
shaped text.

Rong et al. [17] suggested a technique that merges visual
and language-related details for pixels and regions. Musil et al. [18]
proposed a method that regards text detection as object detection
and extracts features from the image based on a stripe memory
engine; however, it has a complex learning parameter for different
applications. Wang et al. [19] proposed a progressive scale
expansion network for text detection in natural scene images, which
focuses on arbitrarily shaped text detection by fixing tight bounding
boxes. Baek et al. [20] work on extracting the relationship between
two characters based on deep learning models. Liao et al. [8]
focused on finding a proper adaptive binarization method that able
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to split the background from the foreground based on contrast changes.
Hou et al. [21] explored an attention anchor mechanism for text
detection in natural scene images and traffic guide panels, which
uses an attention model for predicting weights at each pixel anchor
and the anchor mechanism is used for reducing the gap between
the candidate anchor and the ground truth.

In summary, the current research has focused to sort out several
challenges such as arbitrarily oriented text and irregularly shaped text
in different scenarios. However, there is still a lack of work that
considers images taken by drones to identify the text existed in
them; hence, these methods are limited to images captured.

2.2. Methods for car registration number finding

On the other hand, there are several methods for finding
registration number described in the literature. For instance,
Mokayed et al. [22] proposed using a very conventional method
based on Sobel edge detection to find the location of the plate.
Panahi and Gholampour’s [4] method proposes a system for real-
time applications, which addresses variation in color, contrast,
weather conditions and lightening conditions, etc. However, the
method focuses on number plates. Laroca et al. [23] investigated
the ability of using YOLO detector to propose a real-time
recognizer for car registration number. The success of the method
depends on the success of segmentation. Xie et al. [3] explored
MD-YOLO framework for extracting direction information of the
text to enhance the accuracy. The approach may fail in cases
where arbitrarily oriented text in images is involved.

Biglari et al. [24] worked on method that is trained based on
parts of the vehicle to identify a vehicle category. If the vehicle is
classified as particular category, it reduces the complexity of
license plate detection. However, the performance of the license
plate detection depends on this initial classification. Other
researchers explore part-based learning which is based on a
boosting algorithm. The approach incorporates deformation features
for improving the results. Though the approach addresses the
challenge of the distance between the camera and images, it does
not consider the images captured at different oblique angles [1].

From the examination of finding relevant techniques to locate
and identify car registration number, it can be seen that while some
methods are successful in detecting vehicle registration number in
various conditions and images with multiple vehicles, none of
them specifically target drone images. Overall, our evaluation of
methods for detecting license plates and text in natural scenes shows
that current techniques are primarily geared toward detecting license
plates or text in images captured from a direct, head-on perspective.
As a result, these methods may not be effective in dealing with the
unique challenges presented by drone images, such as poor quality
due to oblique angles, perspective distortion, defocusing, and
variations in height. As such, detecting license plates in drone
images remains a significant challenge for intelligent transportation
systems. This has motivated us to develop a new approach that
combines robust and invariant features obtained from the PCM
with a fully connected convolutional neural network to locate the
car registration numbers from these challenging images.

The work presents three key contributions: (1) extracting robust
and invariant features using the PCM that can overcome the
difficulties posed by drone images. To detect vehicle registration
numbers in a complex context, edges are crucial in displaying
text. The PCM captures coherence properties, in its coefficients,
which hold information about the edge pixels. As a result, the
proposed coefficients allow us to distinguish the text’s edge
information from the background in the extracted frames, even

when the image has been negatively impacted by the drone.
(2) Utilizing the benefits of a fully connected NN to sort out the
challenges of determining precise bounding boxes regardless of
orientations, shapes, and text sizes. (3) The proposed system can
effectively identify both vehicle registration number and text from
normal images.

3. Proposed System

PCM [9, 10] will be used for locating vehicle registration
number in drone images, as it utilizes amplitude and phase angle
information, which are insensitive to factors such as non-uniform
illumination, geometrical transformation, and distortion, and helps
in enhancing fine details like contrast changing in the images
(Figure 2).

3.1. Phase congruency estimation

Local amplitude A,,, and phase ¢,,, as defined in Equations (1)
and (2), respectively, are calculated for each pixel in the image.

Ano = \/enﬂ(x7y)2 + Ono('xvy)z (1)

¢f’l0 = atanz(enl) (x7y)7 OYLD ('xy)) (2)
The expressions for eno(x, y) and o,,,(x, y) are the responses of log
Gabor even-symmetric and log Gabor odd-symmetric at scale () and
orientation (0).

Using Equations (1) and (2), PC will be calculated as defined in
Equation (3), which is the cosine minus the magnitude of the sine of
the phase deviation.

D Wo(x)[A, (%) (cos(¢, (x) — p(x)) — |sin(p(x) — ¢(x))]) — T]
PG = S A+ €

3

Where:

— PC,(x) represents the phase congruency changes.

— Wo (x) is to determine the relative importance of different
frequencies in a signal.

— T is the value to compensate noise.

— ¢ is the added value to avoid infinity value.

— ¢ is the weighted mean phase.

Figure 2
Phase congruency model for LPD from drone images
License Phase K tneans
plate/Natural > Congruency N e
Scene Images Estimation (PCE) clustering
v
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information about how the phase congruency changes are used with
orientation by analyzing the moments, as defined in Equation (4).

a=Y_(PC(6)cos(0))
b =2 (PC(6) cos(6))(PC(6) sin(6)) (4)

c= Z (PC(0) sin(0))?

where PC(6) refers to the phase congruency value determined at
orientation 6, and the sum is performed over the discrete set of
orientations (the number of orientations used is 6), which is
determined empirically. @ is calculated using Equation (5) and
maximum moment M and the minimum moment m by implementing
Equations (6) and (7).

b a—c

1
¢ = 5atanZ <\/b2 oy s E ANy c)2> (5)

M:%(c+a+1/b2+(fz7c)2> (6)
mz%(c—i—a— b2+(a—c)2) (7)

3.2. K-means clustering

The proposed method uses information from the phase
congruency variation with orientation, as defined in an equation,
to analyze the input image. Using pre-configured samples from
different datasets, the numbers for M and m are determined
empirically to represent the number of orientations. This allows
for the highlighting of edges (Figure 3(a) and (b)). To separate the
pixels representing the license plate from the rest, the method uses
K-means clustering with K =2.

3.3. Candidate pixels

The creation of candidate pixels can be observed in Figure 3(c),
some of which are not text. We believe that characteristics such as
color, gradient, and angular values are shared between a candidate
text pixel and its neighboring pixels. Based on this idea, it is
logical to assume that the difference between a candidate pixel
and its eight neighbors will be similar for text pixels but may
differ for non-text pixels

3.4. Pixel selection by linearity checking

The clustering process takes into account the PCM values of
each candidate pixel. The system selects the element that is
closest to it among the other elements by minimizing the number
of its eight neighbors. As a result, cluster 1 contains two elements
that are close to each other. In the next iteration, it selects the
least number of remaining elements (excluding those in cluster 1).
Each cluster comprises two values, and the proposed method
calculates the absolute differences between them, such as
difference value -1. The proposed method calculates the same
difference values for the other three groups [25].
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Figure 3
Applying PCM to find candidate pixels

4. Experimental Results

We created our own dataset as no publicly available dataset
exists. Our dataset includes images taken at different times of the
day, such as early morning (8:00 am), afternoon (12:00 noon),
and evening (5:00 pm), in an open parking area on the MIMOS
campus. The images were taken from varying heights ranging
from 1 to 3 m, 3 to 5 m, and higher than 7 and below 10 m at
different angles, resulting in a total of 1,000 images for
experimentation. The dataset and code will be made publicly
available. We set the maximum height distance at 10 m from the
ground for collecting the dataset. The reason for this is to capture
all the cars parked in the parking area of our institute, which is
the focus of this study.

To ensure that the proposed model works well in traditional
scenarios, we also used a benchmark dataset called Medialab [26],
which includes 680 images with small font and variations in
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distance. In total, we used 1680 images (1000 + 680) to evaluate the
proposed system for vehicle registration number detection. For text
in natural scene images, four benchmark datasets specifically
designed for natural scene text detection are used.

Recall (), precision (p), and F-measure are used for validation (e).

p= ZQeE m(r,, T)/|E|and r = ereT m(r, E)/|T|  (8)
where m(r,R) is the best match for a block r in a set of blocks,
and E and T are our estimated block and the ground truth block,
respectively. The f'measure is defined using recall and precision as

R

= &)
r

Methods that implement YOLO to find car registration number

[5,8,11,20,23,27,28] are used for benchmarking. However, these

methods were designed for data taken orthogonally.

4.1. Ablation study

This work assesses the effect of the clustering step in finding
vehicle registration number by skipping it and comparing the
results to the proposed system that uses it. The clustering step
improves precision but reduces recall. A second experiment is
conducted to evaluate the effectiveness of using Harris corners
versus PCM for detecting candidate pixels in vehicle registration
numbers. The results show that PCM is more effective than Harris
corners and insensitive to distortions. Overall, the proposed
combination of clustering and PCM is effective to sort out
problems of finding vehicle registration numbers in both drone
and conventional images as shown in details in Table 1.

4.2. Experiment on finding car registration number

The proposed system’s ability to accurately detect license plates
in both drone images and Medialab dataset images is shown in
Figure 4(a) and (b), respectively. Table 2 clarifies the ability of
the suggested model to achieve the highest measures compared to
others. The existing methods [27, 5, 10] are not as effective, with
method proposed by Peng et al. [5] being the best in recall for
drone dataset but producing a greater number of false positives.

4.3. Experiments on natural scene text detection

The following benchmark datasets such as SVT, MSRA-TD-500,
ICDAR 2017 MLT, and Total-Text are used for evaluation
(Figure 5(a)(d)). Table 3 shows that the proposed system
consistently performs well, particularly in recall, across the different

Figure 4
QOutcomes of proposed model on datasets

[
JIT¥ su 7908

datasets. In contrast, existing methods have inconsistent performance
and are not robust to the various challenges posed by different
datasets. The proposed system’s effectiveness is due to the
combination of PCM for candidate point detection, clustering for
false candidate removal, and the method of finding vehicle
registration numbers which differ from state-of-the-art methods.

4.4. Performance over different factors

Figure 6 illustrates sample results, showing that the system
performs well in detecting license plates in different height
distances and angles. As seen in Table 4, the recall is promising
and the Average precision time (APT) is fast, making the system
suitable for real-time implementation. However, it should be noted
that as the distance increases, the Average precision time (APT)
also increases due to the increased number of cars in the larger
area covered by the images.

Table 1
Different model implementation to locate car registration number over our and standard Medialab dataset

Methods Our dataset Medialab dataset

Measures R P F R P F
Proposed system without clustering 76.1 77.4 76.7 74.1 76.2 75.1
Proposed system with Harris corner 75.2 77.4 76.3 70.3 75.8 72.9
Proposed system (baseline) 80.2 81.8 81 77.2 78.2 77.7
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Table 2
Performance analysis over benchmark car registration number datasets

Methods Our dataset Medialab dataset

Measures R P F R P F

SEE [11] — Scene text 50.0 60.0 54.5 72.0 70.0 71.0

Peker [28] — License plate 71.7 62.7 66.9 75.4 71.9 73.6

OpenAlpr 72.0 68.0 69.9 76.0 75.0 75.5

Proposed system (baseline) 80.2 81.8 81 77.2 78.2 71.7
Figure 5

Text detection of the proposed system

ICDAR 2017 MLT

(b)

MSRA TD-500

Total-Text

Table 3
Performance of different systems over natural scene datasets. « “indicates that results are not reported in this paper

Methods SVT MSRATD-500 ICDAR 2017 MLT Total-Text
Measures R P F R P F R P F R P F
CRAFT [20] 87.2 73.1 79.5 78.2 88.2 82.9 80.6 68.2 73.9 87.6 79.9 83.6
PSENet [27] 54.0 69.8 60.8 52.0 85.9 64.5 75.3 69.2 72.2 84.0 75.2 79.6
DBNet [8] 62.2 72.5 67.0 79.2 91.5 84.9 67.9 83.1 74.7 82.5 87.1 84.7
TextField [16] - - - 759 87.4 81.3 - - - 79.9 81.2 80.6
TTD [29, 30] - - - 81.1 85.7 83.3 - - - 74.5 79.1 76.7
AAM [21] - - - 79.9 88.5 83.8 59.6 81.3 68.8 - - -
Proposed system 80.4 74.5 77.3 82.2 75.2 78.5 80.1 70.4 74.9 80.6 78.2 79.4

5. Conclusion

In this study, we present a new technique for recognizing
license plates in aerial images. We utilize the PCM, clustering,
and license plate detection methods to read vehicle registration
numbers from both drone and traditional images, as well as
natural scene text. Our experiments show that our system is
more accurate and efficient than existing methods, in terms of
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precision and F-measure. Moreover, our system demonstrates
consistent performance across different datasets and situations.
As far as our knowledge, this is the first research on license
plate detection in drone images, the dataset will be made
available to the public on GitHub. However, the system’s
performance is not optimal for natural scene text datasets,
particularly Total-Text, which suggests that there is room for
improvement.
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Figure 6
LPD of the proposed system for the images captured at different oblique angles by drones

Table 4
Recall of the proposed system for different heights with angles
using our dataset

Recall Recall APT in
Varying distances with angle (distances) (angles) MS
1-3 m and 0 to +10 angles 90.1 88.2 89.1
3-5 m and +10 to +20 angles 80.1 83.5 81.8
5-7 m and +20 to +40 angles 76.5 77.2 76.8

Conflicts of Interest

Palaiahnakote Shivakumara is the Editor-in-Chief for Artificial
Intelligence and Applications, and was not involved in the editorial

review or the decision to publish this article. The authors declare that
they have no conflicts of interest to this work.

Data Availability Statement

The data that support the findings of this study are openly
available  in  https://github.com/Amirhossein-Nayebi/Nordic-
Vehicle-Dataset at https:/nvd.ltu-ai.dev/.

Author Contribution Statement

Hamam Mokayed: Conceptualization, Methodology,
Software, Validation, Formal analysis, Investigation, Resources,
Writing — original draft, Writing — review & editing,
Visualization,  Supervision. = Palaiahnakote  Shivakumara:
Conceptualization, Validation, Formal analysis, Investigation,
Resources, Writing — original draft, Writing — review & editing,

07


https://github.com/Amirhossein-Nayebi/Nordic-Vehicle-Dataset at https://nvd.ltu-ai.dev/
https://github.com/Amirhossein-Nayebi/Nordic-Vehicle-Dataset at https://nvd.ltu-ai.dev/

Artificial Intelligence and Applications Vol.3 Iss. 1

2025

Visualization, Supervision. Lama Alkhaled: Methodology,
Software, Validation, Investigation, Resources, Data curation,
Writing — original draft, Writing — review & editing,
Visualization, Project administration. Ahmed N. AL-Masri:
Methodology, Validation, Investigation, Resources, Writing —
original draft, Writing — review & editing, Visualization.

References

[1] Molina-Moreno, M., Gonzalez-Diaz, 1., & Diaz-de-Maria, F.
(2019). Efficient scale-adaptive license plate detection
system. [EEE Transactions on Intelligent Transportation
Systems, 20(6), 2109-2121. https://doi.org/10.1109/TITS.
2018.2859035
Liu, C., & Chang, F. (2019). Hybrid cascade structure for license
plate detection in large visual surveillance scenes. [EEE
Transactions on Intelligent Transportation Systems, 20(6),
2122-2135. https://doi.org/10.1109/TITS.2018.2859348
Xie, L., Ahmad, W., Jin, L., Liu, Y., & Zhang, S. (2018). A new
CNN based method for multi-directional car license plate detection.
IEEE Transactions on Intelligent Transportation Systems, 19(2),
507-517. https:/doi.org/10.1109/TITS.2017.2784093
Panahi, R., & Gholampour, 1. (2017). Accurate detection and
recognition of dirty vehicle plate numbers for high speed
applications. [EEE Transactions on Intelligent Transportation
Systems, 18(4), 767-779. https://doi.org/10.1109/TITS.2016.
2586520
Peng, Y., Li, H., & Qian, Z. (2019). A new end to end secondary
network for high efficient vehicles and license plate detection.
In 2019 International Conference on Smart Grid and Electrical
Automation, 6-9. https://doi.org/10.1109/ICSGEA.2019.
00010
Al-Shemarry, M. S., Li, Y., & Abdulla, S. (2020). An efficient
texture descriptor for the detection of license plates from
vehicle images in difficult conditions. /[EEE Transactions on
Intelligent Transportation Systems, 21(2), 553-564. https://
doi.org/10.1109/TITS.2019.2897990
Shivakumara, P., Roy, S., Jalab, H. A., Ibrahim, R. W., Pal, U., Lu,
T, ..., & Wahab, A. W. B. A. (2019). Fractional means based
method for multi-oriented keyword spotting in video/scene/
license plate images. Expert Systems with Applications,
118, 1-19. https://doi.org/10.1016/j.eswa.2018.08.015
Liao, M., Wan, Z., Yao, C., Chen, K., & Bai, X. (2020). Real
time scene text detection with differential binarization.
In Proceedings of the AAAl Conference on Artificial
Intelligence, 34(7), 11474-11481. https://doi.org/10.1609/
a2ai.v34i07.6812
Chen, H., Xue, N., Zhang, Y., Lu, Q., & Xia, G. S. (2019).
Robust visible-infrared image matching by exploiting
dominant edge orientations. Pattern Recognition Letters,
127, 3—-10. https://doi.org/10.1016/j.patrec.2018.10.036
Verikas, P., Gelzinis, A., Bacauskiene, M., .Olenina, 1., Olenin,
I., & Vaicukynas, E. (2012). Phase congruency based detection
of circular objects applied to analysis of phytoplankton images.
Patten Recognition, 45(4), 1659-1670. https://doi.org/10.
1016/j.patcog.2011.10.019
Bartz, C., Yang, H., & Meinel, C. (2018). SEE: Towards semi-
supervised end-to-end scene text recognition. In Proceedings of’
the AAAI Conference on Artificial Intelligence, 32(1), 6674—
6681. https://doi.org/10.1609/aaai.v32i1.12242
[12] Shi, B., Yang, M., Wang, X., Lyu, P., Yao, C., & Bai, X.
(2019). ASTER: An attentional scene text recognizer with

—
(O}
—_

—_
N
—

—
[ee}
—

08

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

flexible rectification. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 41(9), 2035-2048. https://doi.org/
10.1109/TPAMI.2018.2848939

Tian, S., Yin, X. C., Su, Y., & Hao, H. W. (2018). A unified
framework for tracking based text detection and recognition
from web videos. [EEE Transactions on Pattern Analysis
and Machine Intelligence, 40(3), 542—554. https://doi.org/10.
1109/TPAMI.2017.2692763

Ma,J., Shao, W., Ye, H., Wang, L., Wang, H., Zheng, Y., & Xue,
X. (2018). Arbitrarily-oriented scene text detection via
rotation proposals. [EEE Transactions on Multimedia, 20(11),
3111-3122. https://doi.org/10.1109/TMM.2018.2818020

Liao, M., Shi, B., & Bai, X. (2018). TextBoxes++: A single
shot oriented scene text detector. /[EEE Transactions on
Image Processing, 27(8), 3676-3690. https://doi.org/10.
1109/TIP.2018.2825107

Xu, Y., Wang, Y., Zhou, W., Wang, Y., Yang, Z., & Bai, X.
(2019). TextField: Learning a deep direction field for
irregular scene text detection. /[EEE Transactions on Image
Processing, 28(11), 5566-5579. https://doi.org/10.1109/TIP.
2019.2900589

Rong, X., Yi, C., & Tian, Y. (2020). Unambiguous scene text
segmentation with referring expression comprehension. /[EEE
Transactions on Image Processing, 29, 591-601. https://doi.
org/10.1109/TTP.2019.2930176

Musil, P., Juranek, R., Musli, M., & Zemcik, P. (2020).
Cascaded stripe memory engine for multi-scale object detection
in FPGA. IEEE Transactions on Circuits and Systems for Video
Technology, 30(1), 267-280. https://doi.org/10.1109/TCSVT.
2018.2886476

Wang, W., Xie, E., Li, X., Hou, W, Lu, T., Yu, G., & Shao, S.
(2019). Shape robust text detection with progressive scale
expansion network. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
9336-9345.

Baek, Y., Lee, B., Han, D., Yun, S., & Lee, H. (2019).
Character region awareness for text detection. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 9365-9374.

Hou, J. B., Zhu, X, Liu, C., Yang, C., Wu, L. H., Wang, H., &
Yin, X. C. (2021). Detecting text in scene and traffic guide
panels with attention anchor mechanism. /EEE Transactions
on Intelligent Transportation Systems, 22(11), 6890-6899.
https://doi.org/10.1109/TITS.2020.2996027

Mokayed, H., Meng, L. K., Woon, H. H., & Sin, N. H. (2014).
Car plate detection engine based on conventional edge
detection technique. In Proceedings of the International
Conference on Computer Graphics, Multimedia and Image
Processing, 101-106.

Laroca, R., Severo, E., Zanloresnsi, L. A., Oliveira, L. S.,
Goncalves, G. R., Schwartx, W. R., & Menotti, D. (2018). A
robust real time automatic license plate recognition based on
the YOLO detector. In 2018 International Joint Conference
on Neural Networks, 1-10. https://doi.org/10.1109/IJCNN.
2018.8489629

Biglari, M., Solemani, A., & Hassanpour, H. (2018).
A cascaded part-based system for fine-grained vehicle
classification. /[EEE Transactions on Intelligent Transport-
ation Systems, 19(1), 273-283. https://doi.org/10.1109/TITS.
2017.2749961

Mokayed, H., Shivakumara, P., Woon, H. H., Kankanhalli, M.,
Lu, T., & Pal, U. (2021). A new DCT-PCM method for license


https://doi.org/10.1109/TITS.2018.2859035
https://doi.org/10.1109/TITS.2018.2859035
https://doi.org/10.1109/TITS.2018.2859348
https://doi.org/10.1109/TITS.2017.2784093
https://doi.org/10.1109/TITS.2016.2586520
https://doi.org/10.1109/TITS.2016.2586520
https://doi.org/10.1109/ICSGEA.2019.00010
https://doi.org/10.1109/ICSGEA.2019.00010
https://doi.org/10.1109/TITS.2019.2897990
https://doi.org/10.1109/TITS.2019.2897990
https://doi.org/10.1016/j.eswa.2018.08.015
https://doi.org/10.1609/aaai.v34i07.6812
https://doi.org/10.1609/aaai.v34i07.6812
https://doi.org/10.1016/j.patrec.2018.10.036
https://doi.org/10.1016/j.patcog.2011.10.019
https://doi.org/10.1016/j.patcog.2011.10.019
https://doi.org/10.1609/aaai.v32i1.12242
https://doi.org/10.1109/TPAMI.2018.2848939
https://doi.org/10.1109/TPAMI.2018.2848939
https://doi.org/10.1109/TPAMI.2017.2692763
https://doi.org/10.1109/TPAMI.2017.2692763
https://doi.org/10.1109/TMM.2018.2818020
https://doi.org/10.1109/TIP.2018.2825107
https://doi.org/10.1109/TIP.2018.2825107
https://doi.org/10.1109/TIP.2019.2900589
https://doi.org/10.1109/TIP.2019.2900589
https://doi.org/10.1109/TIP.2019.2930176
https://doi.org/10.1109/TIP.2019.2930176
https://doi.org/10.1109/TCSVT.2018.2886476
https://doi.org/10.1109/TCSVT.2018.2886476
https://doi.org/10.1109/TITS.2020.2996027
https://doi.org/10.1109/IJCNN.2018.8489629
https://doi.org/10.1109/IJCNN.2018.8489629
https://doi.org/10.1109/TITS.2017.2749961
https://doi.org/10.1109/TITS.2017.2749961

Artificial Intelligence and Applications Vol.3 Iss.1 2025

[26

[27

—_

]

—_

plate number detection in drone images. Pattern Recognition
Letters, 148, 45-53. https://doi.org/10.1016/j.patrec.2021.05.002
Zamberletti, A., Gallo, 1., & Noce, L. (2015). Augmented text
character proposals and convolutional neural networks for text
spotting from scene images. In 2015 3rd IAPR Asian
Conference on Pattern Recognition, 196-200. https://doi.org/
10.1109/ACPR.2015.7486493

Li, H., Wang, P., & Shen, C. (2019). Toward end-to-end car
license plate detection and recognition with deep neural
networks. /EEE Transactions on Intelligent Transportation
Systems, 20(3), 1126-1136. https://doi.org/10.1109/TITS.
2018.2847291

Peker, M. (2019). Comparison of Tensorflow object detection
networks for license plate localization. In 2019 Ist Global

Power, Energy and Communication Conference, 101-105.
https://doi.org/10.1109/GPECOM.2019.8778602

[29] Liu, J., Chen, Z., Du, B., & Tao, D. (2020). ASTS: A unified
framework for arbitrarily shape text spotting. [EEE
Transactions on Image Processing, 29, 5924-5936. https://
doi.org/10.1109/TIP.2020.2984082

[30] Liu, Y., Jin, L., & Fang, C. (2020). Arbitrarily shaped scene text
detection with a mask tightness text detector. [EEE
Transactions on Image Processing, 29, 2918-2930. https://
doi.org/10.1109/TIP.2019.2954218

How to Cite: Mokayed, H., Shivakumara, P., Alkhaled, L., & AL-Masri, A. N.
(2025). License Plate Number Detection in Drone Images. Artificial Intelligence
and Applications, 3(1), 1-9. https://doi.org/10.47852/bonviewAIA2202421

09


https://doi.org/10.1016/j.patrec.2021.05.002
https://doi.org/10.1109/ACPR.2015.7486493
https://doi.org/10.1109/ACPR.2015.7486493
https://doi.org/10.1109/TITS.2018.2847291
https://doi.org/10.1109/TITS.2018.2847291
https://doi.org/10.1109/GPECOM.2019.8778602
https://doi.org/10.1109/TIP.2020.2984082
https://doi.org/10.1109/TIP.2020.2984082
https://doi.org/10.1109/TIP.2019.2954218
https://doi.org/10.1109/TIP.2019.2954218
https://doi.org/10.47852/bonviewAIA2202421

	License Plate Number Detection in Drone Images
	1. Introduction
	2. Related Work
	2.1. State of the art of finding text in natural scene images
	2.2. Methods for car registration number finding

	3. Proposed System
	3.1. Phase congruency estimation
	3.2. K-means clustering
	3.3. Candidate pixels
	3.4. Pixel selection by linearity checking

	4. Experimental Results
	4.1. Ablation study
	4.2. Experiment on finding car registration number
	4.3. Experiments on natural scene text detection
	4.4. Performance over different factors

	5. Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth 4
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (U.S. Web Coated \(SWOP\) v2)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


