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ABSTRACT An intelligent transportation system (ITS) is a crucial element of a smart city, and it includes the
capability to identify vehicle license plates. Utilizing digital image processing is a cost-effective method for
identification. The tiny size of the number plate is just one of the many unfortunate difficulties with this approach.
Hence, this research is crucial, particularly in enhancing the precision of detection. The Harris Corner approach is
one way to locate the motor vehicle number plate location. However, the Harris corner method could be more
optimal for analyzing moving vehicle videos as input. Since frame-by-frame variations in the video input's lighting,
accuracy cannot be maximized. Furthermore, the vehicle and license plate appear significantly smaller due to the
camera's distant positioning. Consequently, the authors suggest a hybrid approach using the Maximally Stable
Extremal Regions (MSER) method. The Harris Corner and MSER methods will concurrently identify the initial
position of the vehicle number plate. Moreover, the initial detection outcomes of the two techniques are compared
and adjusted to achieve a more precise determination of the placement of the number plate. The results show that
integrating the MSER method into the Harris Corner method yields a hybrid approach that enhances accuracy by
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13%. Furthermore, it visually represents the selected number plate with greater accuracy.

KEYWORDS Smart city; License plate detection; Harris Corner Method; Maximally Stable Extremal Regions

method; matching and alignment.

I. INTRODUCTION

ODAY'S smart cities are overgrowing, and one of the

components is the Intelligent Transportation System. [1—
4]. Nowadays, digital image processing contributes
significantly to various aspects of life, for example, in the
health sector [5] and the transportation sector. Studies in the
Intelligent  Transportation System include detecting,
identifying, and automating moving vehicles on the highway.
Automation of vehicles is carried out by calculating the number
of vehicles, detecting vehicle speed, and classifying vehicle
types [6-9]. There are several ways to identify vehicles,
including headlight detection [10-15], and a combination of
vehicle shapes and sizes [16]. The most appropriate vehicle
identification process is carried out by detecting the vehicle
number plate because it is a visible and unique vehicle identity,
making it possible to track the vehicle.

Detection of vehicle number plates can use monitoring
cameras widely installed on the highway. Vehicle license plates
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from video data obtained from the camera can be detected using
digital image processing. Researchers use various methods to
detect license plates automatically, including the LVQ Neural
Network [17, 18], Deep Neural Network [19], Convolution
Network [20], Deep Learning [21-24], Yolo [25-27] and other
methods [28]-[30]. One of the critical steps before doing
number plate recognition is detecting the location of the license
plate. This step must be accurate because it will affect the
recognition process. Some researchers use the Haris Corner
[31-34] and Maximally Stable Extremal Regions (MSER) [35—
37] methods to detect the location of vehicle number. However,
the two methods are carried out separately. In fact, according
to the author, the Harris Corner and the MSER methods can
complement the shortcomings of the two methods.

The author divides the presentation of this paper as follows:
part 2 describes several existing methods related to the topic to
be discussed, and part 3 presents the proposed method, as well
as some fundamental theories used for this research.
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Furthermore, section 4 is an experiment with its discussion;
section 5 is a conclusion.

Il. RELATED WORKS

Numerous research studies have used The Harris corner
approach to detect vehicle number plates. More specifically,
research on number plate detection performed by Tjendra
Panchal, et al. aims to detect and segment vehicle license plates
using the Harris Corner, considering that the brightness
condition will not affect the image angle [38]. Based on this
research, the conclusion is that the Harris Corner method can
detect license plates in various brightness conditions. However,
if there is a reflected effect of sunlight, it will complicate the
detection process.

Because the Harris corner approach is compatible with
rotationally altered images, other researchers utilize it to locate
car number plates. In his research, the area of the number plate
is detected by identifying the angular position of the text first
[33]. In this study, the number plate used came from the
vehicle's image with the stop position, and the focus of image
capture was on the vehicle number plate.

Meanwhile, Yuan Feng studied to improve the Harris
corner method based on the principle analysis of the Harris
angle detection algorithm, the sub-pixel level angular position
based on the Gauss surface extracted method. [31]. In this
study, the detection of the angle of an object has been
successfully improved. In this research, the detection of the
curve of an object has been enhanced. Another researcher, Li-
Yi Bo, designed a new Harris multi-scale angle detection
algorithm based on contourlet transformation [34].

Another researcher, Michael Donoser et al., uses the
Maximally Stable Region method to track objects. The
component tree is an efficient data structure, enabling MSER
calculations in quasi-linear time [37].

Meanwhile, other researchers used MSER for edge
clustering and formulated it for the first time to solve plate
detection. This research is also a new application of the most
stable extreme region. [35]. Inthe research, Maulana et al. used
MSER to detect the text on the vehicle's license plate, but the
vehicle stopped, so the license plate looked very clear. [36].
From these studies, no researcher has combined the Harris
Corner method and the MSER method to detect vehicle number
plates. Moreover, the detection of the location of the number
plate on the vehicle moving across the highway. Therefore, in
this study, the authors propose a hybrid method, namely the
Harris Corner method and the Maximally Stable Extremal
Regions (MSER) method, which is carried out in parallel. The
detection results of the two approaches will be matched and
harmonized to increase accuracy in number plate detection.
The MSER method is used because this method can segment
characters under various conditions. The data used in this study
is the result of video acquisition of vehicles moving on the
highway.

. PROPOSED METHODS

The block diagram in Figure 1 illustrates the steps of the
research approach that the author proposes. The camera records
a video of a vehicles in motion on a roadway and functions as
the input for the system. Frames will be extracted from the
video. Subsequently, the author establishes a Region of Interest
(ROYJ) in Figure 2. The term "region of interest," or ROI, refers
to the area of the image that the computer will process. ROI is
necessary as it allows for the selective analysis of specific
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pixels in the image, reducing computing costs. Creating a
rectangular shape in the video (image) frame area is the first
step in determining the ROI.
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Figure 1. Research Methodology

A. OBJECT DETECTION AND TRACKING

The next stage is identifying objects by subtracting the
background image from the foreground picture. A background
image is taken while there are no cars on the road. To accelerate
computational processes, the author converts the image into
grayscale. Each frame decreases the background and
foreground visuals. Differentiating between the foreground and
background images is essential in enhancing the visibility of
the vehicle item. They may be smaller when the background
and foreground images have exact proportions. This technique
is usually expressed by equation (1).

@) = |AG ) =BG, M

where P(i,)) : Result Matrix; A(i, j) : Frame matrix, B(i,j) :
Background matrix. This process is illustrated in Figure 2.
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(c)
Figure 2. (a) image with foreground (b) image background (c)
result of subtracting foreground with background

In Figure 2(c), we will use thresholding to make the item
appear more distinct. A grayscale image is transformed into a
binary image using thresholding. Thresholding has the
mathematical definition given in equation (2) below:

(L, iffCy) =T
g(x’y)_{o itf(x,y) <T° )

where g(x,y) : thresholding image; and (x,y): grayscale image.
Figure 4 displays the thresholding results; the object becomes
more visible when the threshold value T=15 is used. The next
step is image segmentation, which classifies images according
to their intensity (differentiating between black and white),
whether they are of vehicles in motion or other objects.

The next stage involves the implementation of vehicle
tracking. At the moment, things detected are labelled to join
them in a frame. Every item is assigned a distinct label
beginning with the number 0. Each object label is distinct.
Object tracking utilizes data about an object's spatial
coordinates and reference frame. The author compares the
object's position in the current frame and its position in the
previous frame. An item is considered the same if its
intersection between the current and previous frames can be
detected. Therefore, it is given the identical label as the frame
that came before it. If there is no collision, the objects will be
assigned a new label in the specified order. Figure 4 illustrates
the results of this method.

B. HARRIS CORNER METHOD

The Harris Corner method can accurately identify the position
of the license plate on the recognized and labelled car object.
Below are the algorithms for detecting a Harris corner:
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Figure 3. Tracking and labeling of detected objects

(1) Compute the image's derivatives. The goal of the derivative
is to identify the image's vertical and horizontal edges.
Convolution is the term for this method in image
processing. The convolution is expressed mathematically in
equation 3.

9(x,y) = X X h(k, Dfm —k,n— D, (3)

where g(x,y) is the result of the convolution at coordinates
(X, ), w is the size of the derivative kernel, and h(k, [) is the
derivative kernel at coordinates (k,l). Meanwhile, (m —
k,n—1) is the image that will be convoluted at the
coordinates (m —k,n—1[). The Prewitt kernel from
equation 4 will be applied in this procedure.

-1 0 1 -1 -1 -1
dx=|-1 0 1|;dy=|l0 0 0| 4
-1 0 1 1 1 1

The convolution results using the Prewitt kernel are
displayed in Figure 4.

Figure 4. Convolution results with Prewitt kernel.

(i1) Determine the derivative dot product at every pixel. The dot
product computation is expressed mathematically as
follows in equation 5 :

h(x,y) = f(6,¥). 9%, ¥), Q)

Suppose I, the derivative of x and /,, is the derivative of y,

then the formula for the dot product of the two is formulated as
follows :

B=lLL =1 L Ly=L1L: (6

(iii)) Gaussian filter convolution. Then, the Gaussian kernel
will convolute once more, and get Sy, S5, Syy
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(iv) Compute the response of each pixel using the Plessey
operator. First, each pixel in the images S7, S7, and S, is
taken and then defined into a matrix H(X,y) with the
following rules:

_[s2mn)

H= Sxy (m,n)

Syy(m,n)  S;(m,n) |’ @

Equation 8 was then applied to determine each pixel's
response.

R = det(H) — k(tr(H))?, ®)
where R is a Plessey value; det (H) is the determinant of the

matrix, and; is a constant (here we use = 0.01); tr(H) is a trace
matrix. For example, suppose S2, Sf, and S,,, are as follows.

©)

)
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In order to determine the pixel response (1,1), take the
values, S (1,1)=3,87 =3 and S, (1,1) =9 we get :

39
9 3F

(0 I ) B

=—72-0.01x36=—72.36.

-

Similarly, the same process is applied to the remaining
pixels. Therefore, the result is as follows:

—-7236 —436 -0.25 -0.25
R=]-436 091 —-0.04 -0.04{. an
—-0.25 -0.04 0 0

(v) Determine the non-maximum suppression. Among all the
detected edge pixels, this phase aims to determine the pixel
whose position is nearest to the location where the pixel
changed. For example, if R the Plessey value of a specific
location is the highest value inside a rectangle nxn, and n,
which is determined through experimental means, is n=3 in
this case. Therefore, this particular location can be referred
to as a corner point.

-72.36 —4.36 -—-0.25 -0.25
R=|-4.36 0.91 -0.04 -0.04{.
—-0.25 -0.04 0 0
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Figure 5. Harris Corner detection results

So, it is concluded that the coordinates (2,2) are corner
points, and then the coordinates are stored. The results of Harris
Corner are presented in Figure 5.

C. MSER METHOD
The authors used the MSER approach to concurrently identify
text regions by searching for the most extensive and consistent
area. This step is pragmatic since the text colour on the license
plate is typically consistent. The MSER area is accepted if it
satisfies specific criteria, which are as follows:

(i) Extensive area (MaxArea parameter),

(i) Minimal area (MinArea parameter),

(iii) Volatile area (delta parameter).

The steps in the MSER method are as follows:

(i) Adjust the threshold by modifying the value from 0 to 255.
Due to the generally uniform colour of the text on the
license plate, this process step seeks to identify extreme
locations. The results of this procedure are displayed in
Figure 6.

ii‘ il

Py m—
s e }

Figure 6. Thresholding Results

(i) Identify and define the region associated with each
threshold value. Any alteration in the threshold value will
inevitably lead to a modification in the related component
within the thresholding result. Consequently, there will be
no need to threshold these areas. Figure 7 displays the result
of this procedure.
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Figure 7. The result of determining the connected component

(iii) Calculate the maximum feasible area. The subsequent
step determines the largest stable area, saving the extreme
zones. This region is acquired by picking the largest
throughout shifting thresholds. The parameters used are
minArea = 10, maxArea = 90 and delta = 4. So the MSER
area is obtained as shown in Figure 8.

Figure 8. MSER Area

Figure 8 shows that the plate area is marked as the MSER
area, so it is used in detecting number plates.

D. MATCHING AND ALIGNMENT
Furthermore, the authors modify the detection results for the
two approaches according to the empirical results.

Based on the vehicle images, the Harris Corner detection
identifies the central region of the car plate as the most crucial
location, as indicated by the yellow circle in Figure 9.

Figure 9. The widest area of the Harris Corner method
detection results

The following phase verifies the area's location in Figure 9
to ensure it is also classified as an MSER area. Figure 10
depicts the checks.
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Figure 10. Matching process

If these criteria are satisfied, a bounding box will be created
in the Harris Corner region. The box's width will be adjusted to
match the length of the license plate, which is roughly 20 pixels
to the right and left. To obtain the results as shown in Figure 11.

Figure 11. Number plate cropping results

The final step is to improve the outcomes derived from the
preceding location, where the plate results rely solely on the
identified Harris Corner region. To complete this stage, MSER
is used to detect the plate edge. Figure 12 represents a number
plate that the program has identified.

Figure 12. Detected plates

Figure 12 displays the results of the MSER obtained from
the license plate. If the area is subtracted from the outside
contour, it will yield the area enclosed by the white line of the
plate. Subsequently, the method is depicted in Figure 13.

Figure 13. Improvement results with plate line detection

IV. EXPERIMENT AND RESULT

A. DATA
Table 1 displays the necessary information used in the research.
Primary data was collected by acquiring experimental data by
video data capture using a camera positioned directly on the
highway.
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Table 1. Experimental Data

No. Experimental Location
data
1 Video 1 Jeml?atan penyeberangan Cito, JI. Ahmad
Yani—1
2 Video 2 Jembatan penyeberangan depan UINSA, J1.
Wonokromo
. Jembatan penyeberangan taman Pelangi, J1.
3 Video 3 Ahmad Yani
4 Video 4 Jeml?atan penyeberangan Cito, JI. Ahmad
Yani—2

Figure 14 illustrates the placement of a camera to obtain
information. The camera is placed on the road and is pointed at
the car; meanwhile, the vehicle approaches the observer.

| Camera
Position

one way lane
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one way lane g
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Figure 14. Camera positioning during the collection of data

A video of moving vehicles has been taken in clear weather.
The video resolution is 1440 x 1080 pixels with a frame rate of
25 frames/second for 2 minutes. The following is a list of
experiment inputs

B. RESULT
In these studies, license plate detection relies on the presence
of a recognized car object. The number of plates that must be
detected is equal to the number of vehicles captured. Table 2
presents the data regarding the experiments conducted on the
four videos.

Table 2. Accuracy of test results

Where JS — Actual Number; JT — Number of Detected; TT
— Not Detected; SD — Wrong Detection.

The validation process is carried out empirically by
comparing the results of detection by the system with actual
conditions. Two items to be observed, namely recall and
precision

number of plates detected

recall = ——x100% , (12)
Actual number of vehicles

number of plates detected xlOO% . (1 3)

precision = -
number of vehicles detected

Table 3 presents the computation of recall and precision for
the experimented-on data. Figure 10 shows the graphical
representation of recall and precision results.

Table 3. Test results for 4 videos

Expe(;‘::;ental Methods Recall Precision
Hybrid | 77.53% 83.13%
Video 1 Hl;jgfl 4| 7% 83.13%
Hybrid 85% 85%
Video 2 Non o .
Hybrid 85% 85%
Hybrid | 64.81% 79.54%
Video 3 Hljgfl 4| 6481% 79.54%
Hybrid | 74.32% 80.88%
Video 4 Hl;jgfl G| 7A32% 80.88%

Compared to the other three videos, video 3 yields the
lowest recall and precision numbers, as seen from the
findings above. Due to the proximity of multiple vehicles
in video 3, the algorithm categorizes them as a single
entity. Furthermore, the camera moves due to wind and
vibrations on the pedestrian bridge; as a result, a portion
of the background in specific frames is seen as an object.
The chart also indicates that hybrid or non-hybrid plates
have no impact. The table illustrates the disparities in the
number of plates effectively restored using MSER.

Table 4 presents the outcomes of the cropping tests,
visually displaying the results with and without using
hybrids. The ID illustrates the frame number the system
selected as having optimal outcomes.

384

Experimental
data Methods | Category | JS | JT | TT | SD Table 4. Visual representation of number plate crop
Vehicle 89 |83 6 1 "
. Experimental . .
Hybrid Plate 33 |69 2 12 Id data Non Hybrid Hybrid
Video 1 N Vehicle 89 (83 6 1
on 9 Video 1
Hybrid | Plate 83 |69 2 12
Vehicle 40 |40 0 0
Hybrid Plate 40 |34 0 6 68 Video 1
Video 2 Vehicle 40 |40 0 0
Non
i Plat. 40 |34 0 6
Hybrid ate 27 Video 2
Vehicle 54 |44 10 5
Hybrid Plate 44 |35 2 7
Video 3 Vehicle | 54 |44 10 5 34 Video 2
Non
Hybrid Plate 44 |35 2 7
Vehicle | 74 |68 6 |0 4 Video 3
Hybrid | pjate 68 |55 5 8
Video 4 N Vehicle 74 | 68 6 0
on 36 Video 3
Hybrid Plate 68 |55 5 8
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By comparing the non-hybrid and hybrid methods to
the plate number ratio, the error rate of plate detection can
be determined, depending on the actual plate size. The
ratio formula is expressed by equation 5.3. The standard
length of a motor vehicle license plate in Indonesia, as
determined by ground truth, is 45 cm, while the height of
the plate is 13 cm. The standard plate ratio is 3.46. This
ratio will be used to compare it with the ratio generated
by the system. The author determines the ratio precision
using the following formula 14:

length ofplate

ratioGt = — .
width of plate

(14)

Table 5 displays the computation for obtaining the
Mean Square Error. The accuracy computation involves
comparing the vehicle number plate ratio generated by the
system with the actual vehicle number plate ratio, known
as the ground-truth ratio (ratioGt), multiplied by 100%.

(ratio— ratioGt)?

MSE =¥ (15)

n

Table 5. MSE accuracy for the number plate ratio.

Experimental Method (ratio — ratioGt)?
data Non Hybrid Hybrid
video 1 (9) 0,4356 0,0036
video 1 (68) 0,0256 0,0001
video 2 (27) 0,0016 0,0001
video 2 (34) 0,3969 0,2916
video 3 0,1089 0,0225
video 3 0,0625 0,5776
video 4 0,4624 0,1849
video 4 0,9409 0,2916
Sum 2,4344 1,3720
MSE 0,3043 0,1715

The mean square error has been reduced from 0.3043
to 0.1715, resulting in a decrease in error of 0.1328.
Figure 15 shows our method's successful reduction of
error in the number plate area.

DECREASED ERROR RATIO

H Non Hybrid Hybrid

0,5776
0,9409
0,2916

0,0625

25
I (0.4624
0,1849

I
0,0036

10,0256
0,0001

VIDEO 1VIDEO 1VIDEO 2VIDEO 2VIDEO 3VIDEO 3VIDEO 4VIDEO 4

Figure 15. Diagram showing the accuracy increase after
applying MSER
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V.

CONCLUSION

Based on our experiment, the authors conclude that the
suggested hybrid method can improve the accuracy of the
number plate position detection findings. This phenomenon
can be observed by employing a hybrid approach, which results
in a significant decrease of 13% in the error rate. Nevertheless,
hybrid and non-hybrid approaches had little impact on the
number of plates detected. Consequently, the number plate is
visible when a car object is detected, but with imprecise results.
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