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The increasing number of motorcycles in developing countries has intensified
parking management challenges, particularly in high-density environments
with irregular vehicle arrangements. This study proposes a motorcycle
parking availability detection system using the YOLOVS object detection
algorithm to address limitations of conventional parking methods. The
research contribution is the development of a context-aware detection
framework using a locally collected dataset and the evaluation of its
performance under real-world parking conditions.The dataset consists of
1,200 images collected from campus parking areas and is divided into
training, validation, and testing sets. The images were annotated into occupied
and vacant classes and trained using YOLOvS with 100 epochs. Model
performance was evaluated using precision, recall, Fl-score, and mean
Average Precision (mAP@0.5) on a held-out test set.The results show that the
model achieves an Fl-score of 0.57 and mAP@0.5 of 0.566, indicating
moderate detection performance in dense and occluded environments.
Although a precision of 1.00 is obtained at a confidence threshold of 0.978,
this condition significantly reduces recall, highlighting a trade-off between
detection accuracy and coverage. The confusion matrix and recall-confidence
analysis reveal that errors are primarily caused by occlusion, shadow effects,
and background interference. Compared to previous studies focusing on car
parking detection, this system demonstrates comparable performance while
addressing the unique complexity of motorcycle parking. However, the
relatively small dataset size and environmental variability limit
generalization.In conclusion, the proposed system provides a feasible initial
approach for motorcycle parking detection, but further improvements in
dataset diversity, annotation quality, and model robustness are required to
achieve reliable large-scale deployment.
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1. INTRODUCTION

The issue of limited parking space has become a significant global challenge, particularly in densely
populated urban areas. In developing countries such as Indonesia and India [1], the rapid growth in the
number of motorcycles has not been matched by adequate parking infrastructure [2][3]. In Indonesia,
motorcycles account for more than 84% of motor vehicles [4], with the highest concentration in major cities
such as Jakarta and Surabaya [1],[5]. A similar situation is observed in New Delhi and Bangkok [6], where
two-wheeled vehicle users often struggle to find available parking spaces, contributing to increased traffic
congestion [7][8], higher carbon emissions [9], and reduced urban mobility efficiency.

In several developed countries such as Germany and Japan, parking challenges have been addressed
through the implementation of intelligent and automated parking management systems [10][11]. However,
the complexity of the required infrastructure and the associated high implementation costs limit their
adoption in developing countries [12]. As urban mobility demands continue to rise [13] and the number of
two-wheeled vehicles increases—particularly in university campuses [14] and community activity centers—
conventional parking solutions have proven to be no longer effective [15]. Conventional parking
management systems, such as those based on ultrasonic sensors or simple image processing methods, are
generally designed for car parking environments. These approaches are less effective when applied to
motorcycle parking due to its distinct characteristics. Motorcycles tend to be parked in a disorganized
manner, with high density and very close spacing between vehicles. Additionally, the level of occlusion
(objects blocking each other) in motorcycle parking is higher than in car parking, thereby reducing the
accuracy of conventional detection methods.

The rapid advancement of artificial intelligence (AI) technologies, such as predictive analytics,
automated case assessment, chatbots, and virtual assistants, is significantly transforming the traditional
landscape of social work practice. The You Only Look Once (YOLO) family of models has demonstrated
strong performance in real-time object detection. The latest models, such as YOLOv8, YOLOv10, and
YOLOvVI11, offer improved accuracy and efficiency. However, these models generally require higher
computational resources, making them less than ideal for implementation on mobile devices or edge-based
systems. In contrast, YOLOvVS5 offers a balance between detection accuracy, computational efficiency, and
ease of implementation. Its lightweight architecture and stable performance make it more suitable for real-
time mobile applications, particularly in resource-constrained environments such as those in developing
countries. Edge computing requires Al-capable hardware, which can be very costly. With cloud computing,
however, we can leverage the existing CCTV networks widely available in parking lots, thereby reducing
costs and enabling centralized YOLO processing across multiple CCTV locations. Therefore, this research
uses YOLOvS as the primary model to ensure that the resulting system is practical and widely
implementable. In this context, visual detection technology based on machine learning has emerged as a
promising solution. Real-time object detection algorithms such as YOLOv5 (You Only Look Once) have
demonstrated strong performance in detecting objects efficiently in complex environments [16][17]. The You
Only Look Once (YOLO) method can detect more than one object. Previous studies reported that YOLO-
based detection models can achieve high accuracy under controlled conditions, reaching up to 94.9% in
certain detection scenarios [18]. However, most existing research focuses primarily on car parking detection
rather than motorcycle parking environments. Motorcycles exhibit distinct characteristics such as smaller
size, irregular parking orientation, and high parking density, which increase detection complexity [19].

In addition, several recent studies highlight that most prior models have not adequately considered real-
world dynamics such as extreme lighting conditions [20], camera angles [21], and parking density in campus
environments [22][23]. The implementation of artificial intelligence (AI) tools also presents serious
challenges in preserving the relational aspects that are crucial for their practical application. Therefore,
research on motorcycle parking detection systems that are reliable, adaptable to environmental variations,
and capable of operating in real time on lightweight platforms such as mobile applications is becoming
increasingly urgent and relevant [24].

Previous studies have contributed to the development of parking detection systems; however, the
majority have focused on cars or merely on object classification [25]. Aguswandi et al. employed YOLOv11
to detect car parking slots with a precision of up to 99% [26]. Tanuwijaya et al. (2020) implemented
YOLOV3 and YOLOV3-Tiny to detect vehicle presence and classification, but not specifically for motorcycle
parking spaces [27]. Similarly, Setiyana et al. (2024) and Chianyung (2023) developed YOLOv4-based
systems, though their accuracy for motorcycles remained low due to the reliance on general datasets such as
COCO, which fail to represent local contexts [27][28]. Bochkovskiy et al. (2020) and Wang et al. (2021) also
reported strong results in car detection but did not address the complexities of dense and irregular motorcycle
parking environments [29][30]. This study, therefore, introduces a targeted solution for detecting motorcycle
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parking availability, employing a more contextual approach, utilizing locally collected datasets, and
optimizing model performance to address the unique challenges of parking areas in Indonesia.

As an innovative effort to address these challenges, this study proposes a YOLOvS5-based motorcycle
parking detection system, and cost-effective approach for direct implementation in real-world environments
[31][32]. The use of YOLOVS5, which is lightweight yet highly accurate [34], combined with locally collected
datasets and performance evaluation based on F1-score, precision, and recall [35], results in an efficient and
contextually relevant system. Furthermore, this research introduces a mobile-based prototype that can be
scaled into broader solutions for educational institutions, offices, and other public facilities [34][35]. Thus,
this study is expected to serve as a significant foundation for the sustainable development of motorcycle
parking detection technologies and to make a tangible contribution to improving transportation infrastructure
in developing countries [34]. Although numerous studies have explored smart parking detection using deep
learning techniques, most existing approaches primarily focus on car-based parking environments and rely on
generalized datasets that do not adequately represent the characteristics of motorcycle parking areas.
Motorcycles present unique challenges, including irregular parking orientation, high vehicle density, and
frequent occlusion, which reduce the reliability of conventional detection systems. Therefore, this study
proposes a YOLOv5-based motorcycle parking availability detection system specifically designed for
motorcycle-dominated parking environments.

The research focuses on the application of YOLOVS in the transportation sector. The novelty of this
research lies in three main contributions. First, this study develops a motorcycle-specific parking detection
framework using the YOLOVS5 object detection algorithm capable of handling dense and irregular motorcycle
parking arrangements. Second, a context-aware dataset consisting of 1,200 real-world images collected from
campus motorcycle parking areas is constructed to represent real operational conditions, including lighting
variations, parking density, and irregular vehicle orientation. Third, the trained YOLOvVS model is integrated
into an Android-based mobile application to enable real-time monitoring of motorcycle parking availability.
By addressing the challenges of dense motorcycle parking environments, this study provides a practical and
scalable solution for intelligent parking management in developing-country settings. The article consists of
the method, mathematical formulation, and explanation of the proposed method approach in section 2.
Section 3 is a simulation and discussion. The final section contains the research conclusions.

2. METHODS

This study employs a deep learning approach using the YOLOvVS object detection model to detect
motorcycle parking availability through a mobile-based monitoring. The research process follows the
artificial intelligence project cycle, which includes problem identification, data collection, data
preprocessing, model training, evaluation, and system deployment. YOLOvVS was selected due to its strong
performance in real-time object detection tasks and its suitability for lightweight applications [36][37].

2.1. Data Collection

Primary data were collected by capturing images of motorcycle parking areas directly in the field. The
images were taken from multiple viewing angles to represent real operational conditions, including variations
in lighting, parking density, and vehicle orientation. A total of 1,200 images were collected from campus
parking areas. This approach ensures that the dataset reflects the actual complexity of motorcycle parking
environments in campus areas. The use of real-world datasets is essential because generalized datasets often
fail to represent contextual parking conditions accurately [24],[27][28]. Vehicle movement data (inflow and
outflow) were collected through direct observation at the parking lot, recording the number of vehicles
entering and exiting at hourly intervals. Data were collected over several days of observation and then
compiled into daily graphs to illustrate vehicle distribution patterns during each time period. This approach
enables an analysis of parking dynamics over time, including the identification of peak hours for vehicle
entry and exit.

2.2. Data Annotation and Preprocessing

The collected images were annotated using bounding boxes to label two classes: occupied parking
spaces and vacant parking spaces. The annotation process was conducted using the Roboflow platform to
ensure consistency and accuracy in labeling. After annotation, the dataset was prepared for model training
through preprocessing steps, including image resizing, normalization, and dataset partitioning into training,
validation, and testing subsets. Proper dataset preparation is crucial to ensure model robustness and improve
detection performance in object detection tasks [35], [38].
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2.3. Model Training

The annotated dataset was used to train the YOLOv5 model for detecting motorcycle parking
availability. YOLOVS is widely used for real-time object detection because of its efficient architecture and
high detection accuracy [16],[37]. During training, the model learns spatial features and visual patterns
associated with occupied and vacant parking spaces. The training process iteratively updates model
parameters to minimize detection errors and improve prediction performance. Previous studies have
demonstrated that YOLOVS5 performs effectively in parking detection and intelligent monitoring applications
[39]{40]. The model was trained for 100 epochs with an input image size of 640 x 640 pixels and a batch size
of 16.

2.4. Model Evaluation
The performance of the trained model was evaluated using standard object detection metrics, including
precision, recall, and mean Average Precision (mAP). Precision measures the accuracy of positive detections,
recall evaluates the model's ability to detect all relevant objects, and mAP provides an overall assessment of
detection performance across different confidence thresholds. These evaluation metrics are widely used to
measure the effectiveness of object detection models in intelligent parking systems [35],[41]. Precision is the
degree of accuracy between the information requested by the user and the system’s response. The system’s
precision score will be expressed as a numerical measure of the information’s accuracy. Here is the precision
formula.
S TP 0
recision = —————
TP + FP
Recall is a measure of prediction accuracy used to assess how well a system can retrieve information. Here is
the recall formula.
TP

- 2
Recall TPTFN 2)

2.5. YOLO

YOLO (You Only Look Once) is one of the most widely used deep learning-based object detection
algorithms in the field of computer vision for quickly and accurately detecting and identifying objects in an
image or video. Unlike traditional object detection methods that process images in several stages, YOLO
works with a single-stage detection approach, which predicts the location of objects (bounding boxes) and
object classes directly in a single neural network process. Recent advances in computer vision, particularly
You Only Look Once (YOLO) models, have transformed quality control by enabling real-time, high-
accuracy detection of fabric defects. Traditional manual fabric inspection is labor intensive and prone to
inconsistencies, making it ineffective for modern high-speed production lines [42][43].

2.6. Confusion Matrix and IoU

A confusion matrix is used to evaluate the system’s performance in classifying parking space status.
This enables the analysis of errors caused by occlusion or shadows in a crowded parking environment.
Additionally, the confusion matrix provides detailed information on the distribution of true positives, false
positives, true negatives, and false negatives, thereby helping to identify the most dominant types of errors.
The model can be further optimized by adjusting parameters or improving the quality of the dataset to
increase detection accuracy [44].

In the evaluation of object detection models, metrics are needed that can accurately measure the
precision of predicted locations. Intersection over Union (IoU) is a key metric in object detection used to
measure the degree of overlap between predicted bounding boxes and ground truth. A high IoU value
indicates that the model’s predictions align well with reality, thereby increasing confidence in the results
[45]. The IoU is calculated as follows.

Area of Overlap

IoU = 3
0 Area of Union )

A detection is considered valid if the IoU value exceeds a certain threshold. The use of IoU enables the
evaluation of the accuracy of object detection models, particularly in complex environmental conditions such
as parking lots with high levels of occlusion. Detection results are evaluated to measure A detection is
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considered valid if IoU > 0.5. The status of a parking slot is determined based on the overlap between the
detected motorcycle object and the predefined parking slot area. A slot is classified as occupied if the overlap
meets the threshold, and as empty if it does not.re the degree of agreement between predictions and actual
data [45].

2.7. System Deployment
After the training and evaluation stages, the trained YOLOv5 model was integrated into an Android-

based mobile application. The application enables users to monitor motorcycle parking availability in real
time through image-based detection. The use of lightweight object detection models allows efficient
deployment on mobile and embedded systems, which is particularly important for smart parking applications
in developing countries with limited infrastructure resources [24],[40],[46]. Figure 1 presents the overall
workflow of the proposed model development and evaluation process. The study begins with a literature
review to identify relevant theories, previous studies, and technological approaches related to object detection
and intelligent parking systems. This stage provides the conceptual foundation for designing the proposed
method. Subsequently, data collection is conducted to obtain image datasets representing real motorcycle

parking conditions.
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Figure 1. Training Model Stages

After the dataset is obtained, the program development stage is performed to design and implement the
detection system framework. The collected data are then processed in the data preparation stage, which
includes image preprocessing, annotation, and dataset organization to ensure compatibility with the training
algorithm. The prepared dataset is then used in the model training stage, where the detection model is trained
to recognize and localize objects within the images. Following the training phase, the model performance is
assessed through model testing using a separate testing dataset.

The trained model is then subjected to model evaluation to determine whether its performance satisfies
the predefined validation criteria. If the model does not meet the required performance level, the process
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returns to the training stage for further optimization. Otherwise, the process proceeds to the analysis stage,
where the experimental results are interpreted and discussed. Finally, the validated model is implemented in
the deployment stage, and the research concludes with the presentation of the main findings and conclusions.

3. RESULT AND DISCUSSION

The experimental results demonstrate that the proposed YOLOvS5-based detection system is capable of
effectively identifying occupied and vacant motorcycle parking spaces under real-world conditions. The
model achieved an optimal F1-score of 0.57 and a mean Average Precision (mAP@0.5) of 0.566, indicating
a reasonable detection capability considering the complexity of dense motorcycle parking environments.
Unlike car parking detection, motorcycle parking areas often exhibit irregular vehicle orientation, high
parking density, and frequent occlusion between vehicles, which significantly increase the difficulty of
accurate detection. The integration of a context-aware dataset consisting of 1,200 real-world images collected
from campus parking areas enables the model to learn more realistic visual patterns compared to approaches
that rely on general datasets such as COCO. This context-specific dataset improves the model’s adaptability
to real operational environments, particularly under varying lighting conditions and crowded parking
scenarios

3.1. Parking Detection

The analysis of two-wheeled motor vehicle movements plays an important role in understanding traffic
dynamics within a given area. To illustrate the patterns of vehicle entry and exit during the observation
period, the data are presented in graphical form. These graphs aim to depict the distribution of incoming and
outgoing vehicles over specific time intervals across five consecutive days. Through this visualization,
fluctuations in vehicle volume for each period can be observed, serving as the basis for identifying peak
intensity hours. Figure 2 and Figure 3 illustrate the entry and exit patterns of vehicles, which are
subsequently analyzed to provide a general overview of daily traffic flow.
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Figure 2. Motorcycle Entry Period Chart

Figure 2 illustrates the number of two-wheeled motor vehicles entering the observation site during each
time interval over five consecutive days. The data show that most vehicles entered during the early to midday
periods, with the highest peak occurring on Day 3 during Period 6, reaching 309 vehicles. Day 2 also
recorded a significant surge in Period 2 with 280 vehicles, followed by a sharp decline in the subsequent
periods. This pattern indicates that vehicle inflow is highest in the morning, likely coinciding with the start of
work hours or operational activities.

Figure 3 presents the number of vehicles exiting the observation site during the same periods. Unlike
the entry pattern, the number of exiting vehicles tends to increase during the mid-to late-day intervals. The

R. Endro Wibisono (Motorcycle Parking Availability Monitoring Using YOLOvS and Mobile-Based
Systems)



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro 644
Vol. 3, No. 1, June 2026, pp. 638-653

highest peak occurred on Day 2 during Period 11, with 430 vehicles exiting—significantly higher than on
other days. Day 3 and Day 4 exhibited relatively stable patterns, with vehicle exits evenly distributed from
Period 6 to Period 11. Day 5 recorded the lowest vehicle exit volume, which may be attributed to reduced
activity or the occurrence of a public holiday.

Based on the two graphs, a clear difference is observed between peak times of vehicle entry and exit.
Inflow is more dominant in the morning to midday, while outflow rises towards the late afternoon and
evening. This information is essential for traffic management planning, particularly in allocating parking
capacity and regulating vehicle entry and exit to prevent congestion during peak hours.
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Figure 3. Motorcycle Exit Period Chart

3.2. Object Detection with Data Validation

The validation of the parking detection model in the campus environment was carried out by evaluating
the system’s performance in recognizing parking areas based on a dataset that had been compiled and
processed using the Roboflow platform. The validation data consisted of a set of parking area images that
were not included in the training set but still represented real-world conditions in the field. To illustrate the
overall system workflow, a schematic of the YOLOv5-based motorcycle parking availability detection
system was developed, encompassing the stages from image acquisition to the detection process and result
visualization can be seen in Figure 4.

CCTV Camera/ Live Yolovs Model Detection Result:

(Object: Motorcycle ¢ Slot Occupied/vacant
& Parking Slot)

A 4
v

Stream

o Slot T.ocation

A A

Display Application
(Web/App)
* Real-Time Slot Map

o Number of Vacant Slots

Figure 4. Parking Space Detection System Scheme with YOLOvS5

The Roboflow-trained object detection model accurately identified vacant and occupied parking slots,
demonstrating high precision and consistency in the validation images. These results suggest its potential for
real-world application. Testing in the campus environment was conducted in three sessions, with the first
session performed in the morning, as shown in Figure 5. Based on Figure 5, the detection results reflect the
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peak parking activity within the campus area. The model successfully detected 9 occupied parking slots
(indicated by blue bounding boxes) and 10 vacant slots (indicated by yellow bounding boxes). This
demonstrates that vehicle density in the morning reaches its maximum level, coinciding with the start of
academic and operational activities on campus. Meanwhile, the detection results during the midday session
revealed significant changes in parking occupancy patterns compared to the morning session. A further
comparison can be observed in Figure 6, which represents the parking conditions at midday.

Based on Figure 6, the detection results during the midday session show a significant decrease in the
number of parked vehicles compared to the morning session. The system identified only 1 occupied parking
slot (indicated by a blue bounding box) and 9 vacant slots (indicated by yellow bounding boxes). This
indicates that at midday, the parking area density is much lower, likely due to reduced campus activities or
the lunch break period.

Description Bounding Box Color: Detection Deseriptions:

@ = There is a parked motorcycle (1) Occupied: 9
Vacant: 10

= There is no parked motorcycle (0)

Figure 5. Object Detection in the Morning

Midday Peak

Description Bounding Box Colar: Detection Descriptions:

Oceupied: 1

@ = There is a parked motorcyele (1) i
Vacant: 9

= There is no parked motorcycle (0)

Figure 6. Object Detection During the Day

Based on Figure 7, the detection results in the afternoon session within the campus area show that the
system successfully identified 6 occupied parking slots (indicated by blue bounding boxes) and 4 vacant slots
(indicated by yellow bounding boxes). This condition reflects a renewed increase in the number of parked
vehicles after the significant decrease observed during the midday session, which is likely influenced by
additional lectures or other afternoon activities. Despite the relatively high parking density, the model
consistently demonstrated strong performance in recognizing vehicle objects and accurately distinguishing
them from vacant areas. This highlights the model’s good generalization ability under complex visual
conditions, including changes in lighting and dynamic background environments.

Nevertheless, to quantitatively confirm the reliability of the system, a comprehensive evaluation based
on performance metrics is required. In the context of a parking availability detection system, metrics such as
confidence, precision, and recall are crucial in assessing the accuracy and effectiveness of model predictions.
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Confidence reflects the system’s level of certainty in each detection, ensuring that only highly confident
predictions are retained to minimize misinformation. Precision evaluates how accurately positive predictions
correspond to actual conditions, for example, when a slot predicted as vacant is indeed vacant—an essential
factor to avoid misleading data. Meanwhile, recall measures the system’s ability to detect all truly available
vacant parking slots, ensuring that no potential information is overlooked. These three metrics complement
each other and form the foundation for evaluating the success of the detection model, as well as determining
its feasibility for implementation in real-world operational scenarios.

Afternoon Peak

Description Bounding Box Color: Detection Descriptions:
@ = There is a parked motorcycle (1) Occupied: 6

Vacant: 4
= There is no parked motorcycle (0)

Figure 7. Object Detection in the Afternoon

3.2.1. Confusion Matrix

A confusion matrix was chosen because it provides a more comprehensive view of the relationship
between predictions and actual conditions than a single metric such as accuracy. Evaluation metrics such as
precision and recall describe the system’s performance. The evaluation was conducted across three main
classes empty, filled, and background to identify the accuracy levels and types of errors that occurred during
the detection process. Based on Figure 8 shown, it appears that the model performs quite well in classifying
the empty and filled classes, with m=true positive rates of 0.84 and 0.86, respectively. This indicates that the
model is able to recognize the visual patterns of these two classes with relative consistency.

However, there are still significant classification errors, particularly in the distribution of predictions for
the background class. Values of 0.37 and 0.63 indicate a tendency for the model to associate objects with the
background, suggesting ambiguity in visual features or disturbances such as shadows and occlusion.
Additionally, the error rate of 0.11 for the background class indicates that some objects are not detected
properly or are not classified into the correct category.

Confusion Matrix
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Figure 8. Confusion Matriks
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3.2.2. F1-Confidence Curve Detection Results

Confidence represents the level of certainty of the model regarding the detection results it produces. The
F1-Confidence outcomes are presented in the Figure 9. Figure 9 illustrates the F1-Confidence curve of the
YOLOvS5-based motorcycle parking availability detection model, which demonstrates its best performance
with the highest Fl-score of 0.57 at a confidence threshold of 0.294. This point represents the optimal
balance between precision and recall, where the system is able to recognize objects accurately without
sacrificing too many true detections. The blue curve, which represents the aggregated performance across all
classes, exhibits a smooth progression without steep drops, reflecting the model’s stability against changes in
the threshold value—an important capability for adaptation in real-world inference conditions. Meanwhile,
the gray lines depict the class-wise F1 performance distribution, which generally falls below the average
curve, indicating that certain classes remain challenging to detect optimally. This limitation is likely caused
by class imbalance in the dataset or visual similarities between objects that confuse the model. Nevertheless,
the stability of the blue curve confirms that, overall, the model remains robust and reliable, making it well-
suited for dynamic and complex detection scenarios.

When compared to previous studies, the advantages of this approach become more evident. For
instance, Lin & Zhu (2024) applied YOLOVS for vehicle detection in complex urban environments and
reported improved accuracy, but their work did not provide an in-depth Fl-confidence analysis [47].
Similarly, Hidayah et al. (2024), who integrated YOLOVS and OpenCV into an intelligent parking system,
achieved a mean Average Precision (mAP) of approximately 0.95, yet without considering the precision—
recall trade-off as explicitly as the F1-confidence curve [41]. By complementing the mAP metric with the F1-
score, this study offers a more comprehensive evaluation of the model’s robustness—not only in terms of
average precision but also in maintaining high recall across varying thresholds.

Overall, this approach highlights a clear advantage: beyond achieving accuracy levels comparable to
Hidayah et al. (mAP = 0.95), the present study contributes a deeper evaluation through the F1-confidence
curve. This enables the determination of an optimal threshold for real-world deployment, making the
proposed “Motorcycle Parking Availability Detection Using YOLOVS” not only strong in accuracy but also
adaptive and ready for practical implementation based on transparent and reliable performance metrics.
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Figure 9. F1-Confidence Detection Chart

3.2.3. Precision—Recall Detection Results

The precision—recall graph is presented per class, showing the variation in detection performance across
different classes. The following figure illustrates the precision—confidence results in the Figure 10. Figure 10
presents the Precision—Recall graph per class, representing the performance of the YOLOvS5-based
motorcycle parking detection model. The blue curve illustrates the aggregate performance across all classes,
achieving a mean Average Precision (mAP) of 0.566 at an IoU threshold of 0.5, which reflects a reasonably
good performance for a model at the initial development stage. The gradual and smooth decline of the blue
curve from the top-left to the bottom-right indicates that the model is able to maintain a high precision level
even as recall increases, suggesting stable performance in object detection. Such a curve pattern is a positive
indicator that the detection system is not easily prone to prediction errors when the detection coverage
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expands. Meanwhile, the gray lines depict the performance variation across individual classes, where some
lines drop sharply, indicating that certain classes suffer significant declines in precision. This phenomenon
may be caused by imbalanced training data distribution or visual characteristics of certain classes that are
harder to recognize. Nevertheless, the majority of classes still show performance within an acceptable
tolerance range, demonstrating that the model generally possesses strong generalization ability under diverse
visual conditions in real-world environments.

When compared to previous studies, the superiority of this model becomes even more apparent. For
instance, the study by Chen et al. (2023), which developed a vehicle detection system using YOLOVS in open
urban parking areas, reported an mAP of 0.52 with high dependency on specific lighting conditions and
limitations in detecting objects at extreme angles [15]. While this study achieves an mAP@0.5 of 0.566.
Although this difference indicates a marginal increase in detection performance, it is relatively small and may
not be statistically significant. Moreover, differences in dataset characteristics, environmental conditions, and
evaluation settings may influence the results, making direct comparison less conclusive. Therefore, rather
than indicating clear superiority, the findings suggest that the proposed model performs comparably while
maintaining stable detection under varying lighting conditions and high vehicle density scenarios, including
during peak parking periods.

Thus, the combination of performance metrics and curve visualization makes this approach more robust
and well-prepared for implementation in intelligent parking solutions based on computer vision in both
campus and public environments.
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Figure 10. Precision-Recall Detection Graph

3.2.4. Precision—Confidence Detection Results

Confidence represents the model’s level of certainty in detecting an object, while Precision refers to the
accuracy of the model’s predictions at a given confidence threshold. The following figure illustrates the
Precision—Confidence results in the Figure 11. Figure 11 presents the Precision—Confidence curve of the
detection model in the study “Motorcycle Parking Availability Detection Based on YOLOVS.” The thick blue
line represents the average precision across all classes against varying confidence thresholds. The model
achieves perfect precision of 1.00 at a confidence level of 0.978, indicating that every prediction above this
threshold is entirely accurate with no false positives. However, this high threshold may reduce recall, since
many lower-quality detections are disregarded.

At the lower end of the curve, where confidence values are small, precision is also relatively low
showing that the model makes more detection errors due to being overly permissive in accepting predictions.
As confidence increases, the curve demonstrates a steady and expected upward trend: the higher the model’s
confidence in its detections, the more accurate the outcomes. The gray lines dispersed along the curve
represent the precision distribution of individual object classes. While most follow a similar upward pattern,
some fluctuations occur at higher thresholds, a common effect caused by reduced detection samples at
extreme confidence values. Overall, the curve highlights the model’s stability and robustness in maintaining
prediction accuracy, while also providing flexibility in threshold adjustment during deployment without the
risk of severe performance degradation.
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In summary, the model in this study not only achieves maximum precision but also sustains it
consistently across a wide range of thresholds demonstrating a more superior and adaptive performance
compared to earlier works. This curve reinforces that a YOLOvS-based approach can be relied upon for
intelligent parking systems, where maintaining high-precision predictions at elevated confidence levels is
crucial for delivering accurate and responsive user experiences.
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Figure 11. Precision-Confidence Detection Chart

3.2.5. Recall-Confidence Detection Results

Recall represents the proportion of actual objects that are successfully detected by the model. The
following Figure 12 presents the recall-confidence curve obtained from the detection results. Figure 12
shows the Recall-Confidence curve of the YOLOv5-based motorcycle parking detection model. The curve
indicates that recall reaches 0.81 at a confidence threshold of 0.0, meaning that the model detects 81% of the
total ground-truth objects when all predictions are considered. As the confidence threshold increases, recall
gradually decreases, reflecting the expected trade-off between recall and precision. The gray curves represent
class-level recall variations. Most classes follow a smooth downward trend, while several classes exhibit
steeper declines, suggesting potential dataset imbalance or more complex visual characteristics. Compared
with previous studies, the results suggest relatively stable recall behavior across threshold variations, which is
beneficial for real-world parking monitoring systems.

Recall-Confidence Curve
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Figure 12. Recall-Confidence Detection Graph

When compared with previous studies, the results of this study indicate relatively stable recall behavior
across different confidence thresholds. For example, Yu and Liu (2023), in the context of license plate
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recognition for intelligent parking systems, reported an initial recall close to 0.95, followed by a sharp
decrease after a confidence threshold of 0.3, indicating sensitivity to threshold adjustments [48]. In contrast,
the YOLOVS model in this study starts with a recall of 0.81 but demonstrates a more gradual decline as the
confidence threshold increases. Similarly, Alam et al. (2025), who combined YOLOvV5 with fisheye camera
calibration for vehicle detection, reported recall values close to 0.90; however, the study did not provide
detailed analysis of the Recall-Confidence relationship [22]. By presenting Recall-Confidence analysis, this
study offers additional insight into how detection performance changes across different threshold settings.
Such analysis is important for evaluating the practical reliability of object detection systems in real-world
parking environments [49].

The experimental results demonstrate that the proposed YOLOvS5-based detection system is capable of
identifying occupied and vacant motorcycle parking spaces under real operational conditions. The detection
performance achieved in this study (F1-score = 0.57 and mAP@0.5 = 0.566) indicates that the model is able
to handle the complexity of dense motorcycle parking environments. Unlike car parking areas, motorcycle
parking spaces often involve irregular vehicle orientation, high parking density, and frequent occlusion
between vehicles, which significantly increase the difficulty of accurate detection. Despite these challenges,
the proposed system maintains stable performance and provides reliable real-time parking availability
information through mobile-based monitoring.

However, further improvements are needed before full-scale deployment. These include expanding the
size and diversity of the dataset to better capture variations in lighting and parking conditions, implementing
advanced data augmentation techniques, and improving the quality of annotations to reduce labeling
inconsistencies. Additionally, model optimization—such as hyperparameter tuning or the implementation of
newer YOLO variants—can improve detection accuracy and recall. Evaluating the system across various
devices and integrating performance metrics such as FPS stability and statistical variability will also
strengthen its readiness for real-world implementation.

3.2.6. Common Failure Modes

Several common failure modes were observed during testing. First, occlusion between closely parked
motorcycles often causes missed detections (false negatives) [50], particularly in high-density parking
conditions. Second, strong shadows and non-uniform lighting can lead to misclassification between occupied
and vacant slots. Third, unusual motorcycle orientations or partial visibility at the edge of the frame may
reduce detection accuracy. Additionally, background elements with similar visual features to motorcycles can
occasionally trigger false positives. These limitations highlight the need for improved dataset representation
and model robustness to handle complex real-world scenarios [51].

To address these failure modes, several mitigation strategies can be considered. Incorporating more
diverse training data that explicitly includes occlusion scenarios, extreme lighting conditions, and varied
motorcycle orientations can improve model generalization [52]. Additionally, applying advanced
augmentation techniques such as brightness adjustment, shadow simulation, and random cropping may help
the model become more robust to environmental variations. Post-processing methods, including temporal
smoothing across video frames or combining detection with tracking algorithms, can also reduce false
detections and improve consistency in real-time applications.

4. CONCLUSIONS

This study developed a real-time motorcycle parking availability detection system based on the
YOLOVS object detection framework to address the increasing challenges of parking management in
motorcycle-dominated environments. The model achieves an Fl-score of 0.57 and mAP@0.5 of 0.566,
indicating moderate performance. However, the moderate F1-score and mAP indicate that the model still
faces limitations in balancing precision and recall, particularly under conditions of high density, occlusion,
and background interference, as also reflected in the confusion matrix and recall-confidence analysis.

Although a precision value of 1.00 is achieved at a high confidence threshold of 0.978, this setting is not
practically optimal due to reduced recall. In practice, lower thresholds provide a better balance but may
introduce detection errors, affecting reliability during peak parking conditions.

Dari sisi implementasi, penggunaan YOLOVS pada perangkat mobile menunjukkan keseimbangan yang
baik antara akurasi dan efisiensi komputasi. The system is capable of operating in near-real-time, making it a
viable solution for smart parking systems in environments with limited infrastructure. As indicated by the
confusion matrix results, the model demonstrates fairly good detection capabilities; however, there is still
room for improvement, particularly in reducing errors caused by complex environmental conditions.
Improving the quality of the dataset and optimizing the model are necessary to enhance the system’s
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robustness against variations in real-world conditions. Additionally, potential privacy issues—such as the
capture of faces or vehicle license plates—must be addressed; therefore, protective measures such as
anonymization are recommended for future research.

From a deployment perspective, the current performance is not yet sufficient for large-scale
implementation. Future work should focus on expanding the dataset (> 3,000—5,000 images), improving
annotation quality, and enhancing model robustness, particularly for occlusion handling and diverse
environmental conditions. Overall, this study provides an initial step toward intelligent motorcycle parking
detection, but further improvements are required to achieve reliable real-world deployment.
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