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Abstract

The large number of motorcycle users has creatalieciges, particularly related to parking violagpwhich can
lead to traffic congestion, hinder emergency acodissupt pedestrian pathways, and inconvenienberaisers.
Therefore, this study aims to detect motorcycléipar violations in unsupervised restricted areaagi¥ OLOv7
to classify non-parking, parking, and personal cisieThe best model is achieved at the 28th epdttham mAP
value of 0.953 at the 0.5 threshold. Parking retsbm areas are defined using a Region of IntgiR&tl), where
violations depend on the parking object’'s detecteerage within the ROl exceeding 50%. By employangarea
calculation method, the results show better peréaoree compared to methods without area calculadicmeving a
recall of 89.7%, precision of 82.6%, and F1-scdré62% with a confidence threshold of 0.5.
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1. Introduction

Mobility is one of the important factors in strenghing the economy, which evolves along with theytation’s activities
to meet their needs, especially in the contextasfdportation accessibility and efficiency [1-3]lhdonesia, personal vehicles
such as cars and motorcycles have become the moshan and convenient means to commute and condy&divity [4-
5], where motorcycle is the preferred choice farprblic due to the efficiency of driving time aafflordability, especially in
urban areas with heavy traffic [6]. Based on dedenfStatistics Indonesia, motorcycle dominatesitimaber of vehicles with
132,433,679 units or around 84.3% of the total 087,504 vehicle units in 2023 [7].

Despite providing ease of mobility and accessipilihe increasing number of motorcycle vehicle® geses various
challenges, especially related to traffic violaidB-9]. One of the common violations that oftecwrs in society is parking
violation [10], which can be ascribed to limitedkiag spaces, lack of clear signs, and lax enfoargrof parking rules [11-
12]. Motorcycle parking lots in small and restriti@reas require more attention in enforcing parkidgs, as they can incur
various problems such as traffic congestion, himgeemergency access, disrupting pedestrian pathwayd creating
inconvenience for other users [9]. In addition, dffecer’'s manual enforcement of parking rulesfien inefficient, ineffective,
and time-consuming due to limited human resoufBestefore, the application of computer vision teabgy is indispensable
to ensure the orderly management of parking afdas.technology can identify vehicles and monitarking areas without

requiring the presence of field officers.
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Several studies have conducted parking violatiaglea®n using multifarious computer vision and niaehlearning
methods. For instance, one study detected carngpskolations on the side of the highway using Baster Region-based
Convolutional Neural Network (Faster R-CNN) withaaturacy of 77.9% [13]. Another study detectedpaxking violations
by applying semantic segmentation of PSPNet and ®'¢3, resulting in an accuracy of 96.1% [14]. Iniéidd, some studies
detect parking violations by using Region of Ingt@ROl) to define parking restriction zones. Aklagivet al. [15] detected
and tracked vehicles using a Gaussian Mixture Madel Kalman Filter, marking vehicles as violatdrstayed within the

ROI for more than sixty seconds without movingcteag the F1-measure of 88%.

Similarly, a different study applied MobileNet tetdct violations when vehicles remained in the R®lone minute,
eliciting a precision of 98.7% [16]. Further resdaalso detected double parking by employing bamkgd subtraction to
identify vehicles in the ROI, declaring a violatidhthe vehicle was stationary for more than siumis, achieving 91%
accuracy [17]. Another study defined parking anesing ROI, detecting violations when vehicles weagked outside the
designated area, resulting in a precision andIre€8l7% and 95%, respectively [18]. These studiesonstrate that the use

of ROl is an effective approach for detecting v&hfarking violations.

However, the focus of these studies has primagbnton cars. One notable study related to mota&@arking violations,
conducted by Hernandez-Diaz et al. [19] detectetbrogcle violations in pedestrian zones by classdydata into four
categories: motorcycles with motorcyclists in creslks, motorcycles with motorcyclists outside crweatks, pedestrians in
crosswalks, and only motorcycles outside crosswdlks study employed YOLOVS, Single Shot MultiBDetector (SSD),
and MobileNet, with YOLOV8 achieving the highestaneaverage precision (mAP) of 84.6%.

These findings, along with the research presengedamg and Yu [14], highlight that YOLO proves te hn effective
method for object detection, demonstrating its béja to accurately identify parking violations rass different contexts.
Meanwhile, Wang et al. [20] used block matching amotion detection techniques to identify violatiansolving two-
wheeled vehicles such as bicycles, classifyingatiohs when these vehicles remained outside tHengaarea for more than
five minutes, resulting in an average F1-score9867Despite this advancement, motorcycle parkingation detection still
presents challenges. Motorcycles are volumetricathaller, more maneuverable, and often park irgifdea positions,
hindering the reliability of both time-based andtimo-based detection methods, which function walldars. Moreover, the

rapid movement and frequent stops of motorcyclespticate the distinction between legal and illegatking.

To address these challenges, this study focuseketmtting motorcycle parking violations in reskittareas that are
unsupervised by officers. The proposed method lentegating a classification model using YOLOv7identify objects in
the parking area, including parked motorcycles,-parked motorcycles, and persons. This model isiSpally designed for
rapid detection of potential parking violationsckuas driverless parked motorcycles, without réngitime-based vehicle
monitoring. Furthermore, ROI is established for thgtricted parking area, and the area of the pgrbject within this ROI
is calculated. A violation is flagged if the arezcopied by the parking object within the ROI reaxc58% or more. This area-
based approach aims to ensure accurate detectisgolations, even for objects that are not entirglthin the ROI but still in
violation. The study aims to enhance the efficiermfymotorcycle parking violation detection and irope parking

management, ultimately contributing to safer andexavganized urban environments.

2. Research Methods

The research methods consist of data acquisitioeprpcessing and data augmentation, annotatiorit, dala,
classification, violation detection, implementati@nd evaluation. The methods of the research ragghgally depicted in
Fig. 1, in which the area with the red line indesathe main focus of the proposed method for datgatotorcycle parking

violations.
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Fig. 1 The research methods

2.1. Data acquisition

The data consists of photos and videos showingiaes in the parking lot area in front of the Tekmuilding of the
Department of Informatics and Computer Engineer8tgte University of Makassar. The photo was talging a smartphone
camera with a total of 600 images, while the vides taken using a webcam with a resolution siZ80D x 1920 pixels and
a speed of 30 frames per second (fps), consisfid@ @ideos with a total duration of 254 minutest®was collected from
the 3rd floor of the Teknol building.

2.2. Preprocessing and data augmentation

Preprocessing is the stage carried out to proessiata before further processing by an algorithmmadel [21]. From
the 600 images, 180 images were selected by okilygamages that have clear objects. In additioorggping process was
carried out to focus the objects in the image asize them to reduce the image size. Concerningdiee data, preprocessing
involved converting the video into a series of femywhere 2,462 frames were selected. Furtherrdate augmentation was
carried out through the flip process, which chantipedhorizontal orientation of the image to obtaiore diverse motorcycle
position data. The final amount of data used inpaking, non-parking, and person classificatiojectprocess is presented
in Table 1.

Table 1 Total data used

Date Baseline dal | Augmentation da' | Total
Image 18C 41 221
Video frame 2,462 617 3,07¢
Total | 3,30(

2.3. Annotation

(a) Parking l (b) Person (c) Non-parking

Fig. 2 Example of object classes for annotation
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The YOLO annotation is a labeling process to mdajects in the image with the appropriate labelniatde the object
to be recognized and understood during model trgif22]. The tool used for YOLO annotations is Liking, where the
object in the image is annotated using a boundmgdorrounding the object and then labeled appatglsi. The annotation
result is saved in YOLO annotation format (.txthi@h contains the normalized bounding box coordisgtelative to the
image size) and the object label. The labels fggaitannotation consist of three scenarios: parkpegson, and non-parking,
as shown in Fig. 2.

The annotated object for the parking class showkign2(a) is a parked motorcycle, which meansatbeence of a rider
on the motorcycle. In the person class shown inXig), the annotated object is a human. Meanwthikeannotated object in
the non-parking class is a motorcycle that is beigen, as shown in Fig. 2(c). In certain imagesltiple object classes were
annotated, signifying the image contains annotatfonvarious types of objects. The cumulative itesaf the annotations are
presented in Table 2.

Table 2 Total object annotations

Clas: Number of annotatiol
Non-parking 2,68¢
Parking 2,520
Person 2,533
Total 7,742

2.4. Classification model

The classification model was formed using YOLOvhich is an object detection algorithm that can geize and
identify objects in an image [23]. This model i®dgo classify parking, non-parking, and persorectsj In this process, the
3,300 data was divided into 80% train data (2,6d8ges), 10% validation data (330 images), and H3¥diata (330 images).
The following details of the number of object aratimins for each class in training, testing, anddation data are presented
in Table 3. The hardware used during training isy@op device equipped with Windows 11 64-bit, 1Ghan Intel(R)
Core(TM) i5-1135G7 2.40 GHz (8 CPUs), 8 GB RAM, aWdIDIA GeForce MX350 5.8 GPU (2 GB Dedicated, &8
Shared). The hyperparameters used during modairtgaare presented in Table 4.

Table 3 Distribution of the number of object antiotas
based on training, testing, and validation data

Table 4 Hyperparameters used for training model

Hyperparameters Value
Class Training Testing| Validation Image siz A1€
Non-parkin¢ | 2,12¢ 281 27¢ Batch size 4
Parking 2,02 24¢ 24¢ Epoch 28
Person 2,021 265 247 Optimize! SGD (Stochastic Gradient Desct
Total 6,17¢ 794 77c Learning rate Adaptive Learning Rate
Loss function BCE (Binary Cross-Entropy)

2.5. Parking violation detection

The proposed method for detecting parking violai@ommences by developing a classification modetemtify
parking, non-parking, and person objects, as puslyoexplained in the annotation and classificasabchapters. The next
steps involve forming an ROI and calculating thermting box area of the parking object within itabling the system to
detect parking violations. Specifically, ROI reféosa specific area or region in an image thatisded for further analysis
[24]. In this study, ROI is used to mark the pagkiestriction area. The ROI formation process &amized to the street area
captured in the video. This area remains consistedtunchanged owing to stable video footage. Wstiation of the ROI

can be seen in Fig. 3, where ROI formation is peréxl using the pixel coordinates of the rectangsti@et area in the frame.
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The coordinate points x1 and x2 indicate the x dovates of the upper left and lower right corneingx) while y1 and y2
indicate the y coordinates of the same points. Thlignd y1 represent the upper left point of tfeadstart point), while x2

and y2 represent the lower right point of the gezalpoint).

® (x_start,y_start) Parking-1

Regign of| interest

| OO | (x_end,y_end)

Fig. 3 lllustration of the region of interest

By forming ROI, the focus of object detection isthe parking class within the ROI. A parking objectonsidered to
be in violation if all four coordinate points oretlbject’'s bounding box are between the ROI coattds) as shown in Fig. 3
for parking-3 and parking-4. However, this meth@daometimes disadvantageous, especially when apaskject cannot be
detected as a violation if only two coordinate p®ion the object’'s bounding box are inside the R3lseen in Fig. 3 for
parking-1 and parking-2 objects. Therefore, thehaination of whether a detected object violatesrthe or not is based on
the percentage of the parking object’s bounding &r@a that falls into the ROI (the intersectioradbetween the bounding

box of the parking object and the ROI). To calaaldie percentage of object area, the following fdanis established:

Intersection area of the bounding box ob}efbo

Object area (%
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Fig. 4 lllustration of the object area calculatiarcartesian diagram
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To calculate the area of intersection of the bougdiox object and the area of the bounding boxabliigelf, the concept
of the rectangular area formula is used, by myfiig) the length by the width. Fig. 4 shows the gkdtion of the bounding
box’s length and width in a cartesian diagram siitating the interrelationship between the coorgiints in the ROI and
the bounding box in determining the object areaeBaon Fig. 4, the intersection area of the boundox object and the area
of the bounding box are calculated as follows:

(yyroi- y,bx) (%bx xb,
if y,box> yroi &y,bx> y roi

Intersection area of the bounding box object N 2)
(yibx- yroi) (xbx xby,
if y,bx< yroi &y,bx< y roi
Area of the bounding box objest(x,bx- xb¥ ( y bx ybk ©)

From Eq. (2), the intersection area calculatiobaised on two conditions: if the detected objedtist point is larger than the
ROI start point, the area is calculated; if theegbg endpoint is smaller than the ROI endpoird,dhject is considered outside
the ROI endpoint. If both the start and end poaméswithin the ROI, the area is deemed 100% in$ideROI. In Eq. (3), the
bounding box area is calculated using the starteswadcoordinate points.

The overall general architecture of the proposedipa violation detection system is illustratedriy. 5. It consists of
two main modules: the object detection module dedviolation detection module. The object detectivodule processes
each video frame and detects vehicles using theQ\@dlalgorithm, identifying objects within the RQlhe violation detection
module calculates the area of any detected paddjert within the ROI thereafter. A violation iesfjged when 50% or more

of the object’s area falls within the ROI.

mTT T T T 1
| Detection process |
_____________________ S | o
] : T R
| Data input ] N vorov7 object Detect object | | Detection result l
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Fig. 5 General architecture of parking violationieddion system

2.6. Implementation

| (a) Iace A (b) Place B

Fig. 6 Three different locations for system implenation
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The implementation stage was carried out by apglitie system that has been developed to detedhgariolations to
assess the effectiveness and reliability of the ehaddetecting parking violations. This implemdida process involves
applying the model to the acquired video, whicHudes real-life parking violations in three diffatdocations, as shown in
Fig. 6. Detailed information on the duration anda#®tion of the videos during the system impleragah at each location

is presented in Table 5.

Table 5 Duration and description of videos for egsimplementation
Place | Duratior Descriptior

Features the parking lot in front of the TeknolIBing of the Department of
A 0:22:44 | Informatics and Computer Engineering at the Stativéfsity of Makassar, recorded
from the 3rd flool

Features the street area in front of a housindestitat is often bustling with daily
activities,recorded from the 3rd floor of a resident’s ho

Features the street area in front of At-Taubah Mesgecorded from the 2nd floor of
the mosqut

B 0:10:48

C 0:18:51

2.7. Evaluation

Evaluation, the process of measuring the performamd accuracy of a system [25], is performed uairgnfusion
matrix to assess the effectiveness of the modelassifying parking, non-parking, and person olgjeétdditionally, the
confusion matrix is used to measure the resulth®fsystem implementation. The components of timdus@on matrix are

presented in Table 6, which is then used to caleulee recall, precision, and F1-score values [26].

Table 6 Confusion matrix

Predicted
Positive Negative
Positive | True positive (TP)| False negative (FN)
Negative| False positive (FP) True negative (TN)

Actual

True positive (TP) is the number of correct predits for the positive class, while true negativ&l)Ts the number of
correct predictions for the negative class. Fassitive (FP) is the number of false predictionstfa positive class, and false
negative (FN) is the number of false predictionsth® negative class. Recall shows how many pesitases are found by
the model, and it is calculated as follows:

TP

Recall=—— (4)
TP+ FN

Precision indicates how many of the model’s posifivedictions are correct, and it is calculatedgrsi

Precision= L 5)
TP+ FP

Meanwhile, the F1-score balances the two and pesvadmore comprehensive score of the model's pedioce, and it is

calculated as:

Fl-score= 2 Recall Precisior ©6)

Recall+ Precisior

3. Results and Discussion

The parking violation detection system is developgdbuilding a model that can detect objects inghiking area. The
detected objects include a person, a non-parkedroyaie, and a parked motorcycle. The sample datseel in this study is

shown in Fig. 7, which comprises two frames and tlabels from videos taken with different brighsseconditions.
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. X h S ; £ i
Fig. 7 Example dataset of video frames for buildangetection model
The results of the object annotations are showign7, where the non-parking object class is lathels 0, the parking
object as 1, and the person object as 2. To avai&b émbalance, certain objects were intentionielfty unannotated. This
approach was adopted to maintain a balanced daadegprevent any class from dominating the anrmtatiwhich could
negatively impact the model’'s performance durimgning. By selectively annotating the objects, isefadistribution among
all classes can be achieved. Additionally, sincekipg objects appear consistently in most framksy twere annotated
differently across frames for variety. The labelaigparking and non-parking classes includes tffeint object orientations,

vertical and horizontal, enabling the system t@geize all variations of object forms.

(a) Upward non-parking (b) Upward parking
Fig. 8 Vertical variations of non-parking and paikiobjects

(c) Left-facing non-parking (d) Left-facing parking
Fig. 9 Horizontal variations of n~parking and parking objec
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Vertical objects are categorized into two types amen the object is facing up and the other whanfacing down, as
shown in Figs. 8 and 9. Similarly, horizontal olteare also divided into two categories: one winenabject is facing right
and the other when it is facing left. After labglior annotating all objects according to their exdive classes, the model was

trained using the YOLOV7 architecture. The resoltined at different epochs are presented in Table

Table 7 Results of the model training experiments

Epoct
Test 13| 28 | 35| 40 | 45
TP o5 | 9¢ | 98 | 98 | 9¢
i Precisiol 92 | 95 | 95 | 95 | 9&
”O”Q%r N9 ™ " Recal |95|97]|93]|93] 93
map 5( 96| 97 | 97 | 97 | 97
mAP 50:9! | 69 | 71| 72 | 72 | 72
TP 94 | o8 | 98 | 98 | 9¢
i Precisior | 79| 82| 8C | 80 | 8C
P?{,/o')“g Recal | 81| 83| 8¢ | 88 | 88
mAP5( | 91| 94| 94| 94| 94
mAP 50:9! | 64 | 6S | 7C | 70 | 7C
TP 91|95 929292
Precisiol 85| 8S|8S| 89| 8¢S
p‘(i;f)on Recal |84 84| 83| 83| 83
MAP5( | 91| 94| 94| 94| 94
mAP 50:9! | 46 | 51 | 5C | 50 | 5C

The model has achieved decent performance in d&gecbjects for each class at the 13th epoch. &t point, the
detection accuracy for each class exhibited satisfg and stable results. However, when the nurobepochs increased to
28, a significant improvement emerged in detectioouracy across all classes. This improvement dtelicthat the model
continued to learn and enhance its ability to detdjects as the epochs increased. The accuraewnalf class improved,

demonstrating that the model became more effeatideprecise in recognizing patterns in the traimiata.

Furthermore, when the number of epochs increas&,tthe accuracy improvement was no longer maxithiSome
indications are interpreted that the model’s penfance declined, particularly in the person clas#) wo improvement in
accuracy observed at the 40th and 45th epochs.dEgifne was attributed to overfitting, where thedal became too fitted
to the training data, incurring decreased perfoigeamhen handling new data [27]. As a result, theseh model was trained

up to the 28th epoch with the corresponding coonfusnatrix, as shown in Fig. 10.
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Fig. 10 Confusion matrix of the selected model at the 2ibcé
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The non-parking class has the highest TP rategctbyrdetecting objects with 99%, followed by treglgng class at 98%
and the person class at 95%. However, a weaknesdssesved in the prediction of background eleméeiag incorrectly
detected as objects, resulting in FP, especialligérparking and person classes, where FP valaasglatively high. This high
FP rate is due to the large number of parking ardqm objects in the dataset that actually existaue not labeled to avoid
an imbalance in the number of data annotationspiethe high FP rate, the model performs well alleas the TP values
for each class are quite high, indicating robusecten capabilities. Background errors FP are grily due to unlabeled
objects in the dataset rather than inherent wealkisas the model. Additionally, the background Flue, which represents
errors when objects that should have been detacteidicorrectly identified, as the background latreely low. Such a result
indicates that, despite some background errorsntheel remains effective in detecting most rele\abjécts.

1.0

=== Non-parking 0.974

ooo Parking 0.940

x x x Person 0.946

= All classes 0.953 mAP@0.5

0.8

0.6 4

Precision

0.4 1

0.2 1

0.0 T v T r
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Fig. 11 Precision-recall curve result

Based on the precision-recall curve graph in Fig.vthich illustrates the relationship between mieci and recall, the
MAP value at a threshold of 0.5 for all classeshiea 0.953. Such a finding reveals that the madehpable of identifying
and classifying objects. The non-parking class destrates the highest performance, achieving ansilperfect precision-
recall value of 0.974, as indicated by the curvarlyereaching the upper right corner. The parkilag€ has a precision-recall
value of 0.940, denoting that although its perfamomis slightly lower than non-parking, the modemains reliable in
detecting parking objects. Meanwhile, the pers@s<lachieves a precision-recall value of 0.94hdji above parking,
indicating that the model is effective in detectimgpst person objects as well. Subsequently, thectessl model was
implemented on video with the results, as showrign 12.
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At this stage, the model was utilized to detect @adsify objects in video footage to evaluatedbtction performance
in more dynamic and realistic situations. The vidmplementation aims to assess how effectivelyrttoelel can identify
moving objects and tackle challenges such as tiglthanges, varying viewing angles, and potentielusion. Fig. 12 unveils
the detection results identified by the model itegtain frame of the video. From these resultsait be seen that the model
has been able to predict parking, non-parking, @erdon objects in the parking area. Initially, thedel was designed to

detect only two classes of objects: parking and panking.

However, a significant issue was found during atitesting, where the model frequently misclasdifi@ssers-by in the
parking area as non-parking objects, as showngnlB(a). This phenomenon yielded many inaccuretieations, particularly
in situations with high human activity around trerlpng area. This error indicates that the modeuires improvement to
effectively differentiate between parking, non-pags and people moving around. Therefore, a neascleas added to the
model, i.e., the person class. After the additibthe person class, the model was re-implementddested on the same data,
resulting in a significant improvement in detectiecuracy. Fig. 13(b) shows the updated detec#sult, where a human

walking in the parking lot is now successfully ddésl and correctly identified as a person.

(a) Wrong detection (b) Correct detection

Fig. 13 Model detection results before and afteliragl person class

This breakthrough demonstrates that adding theoperkass enhanced the ability of the model to mijstish between
different objects in the parking lot environmentrthermore, the implementation of the system teceanotorcycle parking
violations using the proposed method, which inctuithe formation of ROI and the calculation of tlagling object area, was
also successfully carried out, as shown in Fig.The motorcycle parking violation detection syst@@monstrates effective
performance across the three different locatiopscHically, parking objects were successfully d&td as parking violations
when the area reached 50% or more while withirRd. Additionally, non-parking objects were cortigdtientified as not
committing parking violations when inside the RO®his significantly accurate classification of noarking objects reflects

the ability of the system to differentiate betwelmsignated parking areas and areas where parkprghgbited.

(a) Place A

Fig. 14 System implementation results for detectimjorcycle parking violations in three differeatétion:
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(c) Place
Fig. 14 System implementation results for detectimgjorcycle parking violations in three differeatations (continued)

In the following phase, a system evaluation wasdaated to validate the performance of the systerdetecting
motorcycle parking violations in three differentétions. The system evaluation compared the prapossthod, which
utilizes object area calculation for detected pagldbjects within the ROI, with a scenario thatginet use area calculation.
Using object area calculation achieves an averagalrof 91.5%, significantly higher than the 78.886all without object

area calculation, as shown in Table 8.

Table 8 Comparison of the system evaluation witth &ithout object area calculation
With object areicalculatior Without object area calculati

Place| Real | System| Error detectio | Recall | Precision| System| Error detectio | Recall | Precision
(TP) | FN [ FF | (%) (%) (TP) [ FN [ FF | (%) (%)
A 37 35 2 14 94.€ 71.4 28 9 4 75.7 87.5
B 5 5 0 2 10C 71.4 4 1 1 8C 8C
C 5 4 1 1 8C 8C 4 1 1 8C 8C
Average | 91.F 74 Average | 78.€ 82.F
F1-score (% 82.7 Fl-score (% 80.t

This difference is due to certain parking objectoge bounding box points were not entirely wittia ROI, incurring
their failure to be detected as violations as shiig. 15(a). However, by applying the area cltian for parking objects,
as illustrated in Fig. 15(b), an object with madnart 50% of its area within the ROl was successfuditected as a parking
violation. However, the average precision valuegable 8 yield the opposite result. Using objeetatalculation results in a
lower precision of 74%, compared to 82.5% when ctbgeea calculation is not applied. As illustrabedrig. 16(a), a non-
parking object detected when parking was not diaslsas a violation due to two of its bounding bexteat were outside the
ROI. Conversely, Fig. 16(b) shows a misclassifibfect that was still recognized as a parking violabecause more than
50% of its area was within the ROI.
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(a) Wrong detection (b) Correct detection

Fig. 15 Detection results without and with the &mtlon of the object area calculation method

(a) Detected as not committing a violation (b) @&dd committing a violation

Fig. 16 Double detection results without and with &pplication of the object area calculation metho

Based on the results obtained, the use of objeat @lculation yields an overall higher F1-scor82%, compared to
80.5% without using object area calculation. Thamefit can be concluded that the proposed methealculating the parking
object area within the ROI enhances the effectigsid the system in detecting parking violatiorespite the increase in the
number of non-violating objects that were incorse@dentified as violations. The system implemeiotatused a confidence
threshold set at 0.3, enabling the mis-detectedobl Fig. 16 to still be considered valid dudtsoconfidence score of 0.3.

Therefore, a different scenario was tested byrggttie confidence threshold to 0.5.

Table 9 System evaluation with confidence thresiselcat 0.5

Place | Real| SYystem Error detection| Recall | Precision
(TP) | FN | FF | (%) (%)
A 37 33 4 6 89.2 84.6
B 5 5 0 1 100 83.3
C 5 4 1 1 80 8C
Average | 89.7 82.¢
F1-score (%) 86.2

Based on the results presented in Table 9, theageaecall value achieved is 89.7%, reflecting @aesse compared to
the results in Table 8 with object area calculatidhis reduction occurred because two objects thatmitted parking
violations were not detected due to having a cemigg score of less than 0.5. However, the recthibgtpassed the average
recall from Table 8 without object area calculatibhe average precision obtained is 82.6%, whidtigker than the average
precision in Table 8. Therefore, setting the cagrfick threshold at 0.5 is deemed effective, as reateby the F1-score which
reached a higher value of 86.2%.

4. Conclusions

From the research conducted on the motorcycle pgrkdlation detection system, the use of the YOE@r classifying
non-parking, parking, and person objects achietsedptimal performance at the 28th epoch with arPnséore of 0.953 at a
threshold of 0.5. The classification model is desi) to expeditiously detect parking violations wlaeparking object is
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located within a parking restriction area or ROIldétected parking object is considered a violaifits area within the ROI
reaches 50% or more. By deploying this object aedeulation, the F1-score increased to 82.7%, igten the 80.5% F1-
score obtained without the object area calculativaditionally, the model demonstrated more effeetpperformance in
detecting violations with a confidence thresholddf, resulting in a recall of 89.7%, precisiorB8t6%, and an F1-score of
86.2%. The fast object detection capability of YOIDalong with its ability to detect multiple objssimultaneously in a
single image enables the parking violation systenwork efficiently, even in dense parking enviromtseacross three
different locations. Future developments could oon nighttime detection by training the model olarger dataset and
incorporating the utilization of infrared cameras.
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