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Abstract

The Indonesian government continues to encourage technology-based innovation in public services, including the
development of smart cities and smart parking that utilize sensor technology. The development of a smart parking
system using the You Only Look Once (YOLO) model has improved the efficiency of parking management by
providing real-time vehicle detection and availability of parking spaces. This study compared three variants of
YOLOv11-Nano (YOLOvi1in), YOLOv11-Small (YOLOv11s), and YOLOv11-Medium (YOLOv1iim) to determine the
most effective model in detecting empty parking spaces. The experiment was carried out using a dataset consisting
of 5725 images of parking areas with various conditions such as angles, lighting, and distance. In addition, the
researcher also used a 6-second parking lot timelapse video for the test material of the model that had been
trained. The results show that each variant of YOLOv11 has its own advantage. YOLOv11s has the highest mAP50
(0.967), the YOLOv11m has the highest precision and recall and YOLOv11n has the highest FPS (62.14). With an
accuracy range of 7.4% - 17.9% , YOLOv11s gets the highest accuracy. The findings of this study aim to determine
the most effective YOLOv11 variant for smart parking implementation.
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INTRODUCTION

The Indonesian government continues to oversee innovations that are integrated with
technology to improve the quality of public services (Afrilia, Asy'Ary, Muhdiarta, Mayasari, &
Anangkota, 2024). This is linear with the development of smart cities that use innovation and
technology-based infrastructure. Peraturan Presiden Nomor 132 Tahun 2022 or Presidential
Regulation Number 132 of 2022 concerning the Sistem Pemerintahan Berbasis Elektronik (SPBE) or
Electronic-Based Government System. which is expected to form a clean, effective, transparent, and
accountable government (Peraturan Presiden Nomor 132 Tahun 2022). SPBE is also a guideline in
the implementation of data and information integration, applications, infrastructure, and security in
SPBE to optimize national government services in an integrated manner through transformation
towards electronic government (e-government) and smart city (Hamjen, 2023). Badan Perencanaan
Pembangunan Nasional (BAPPENAS) or National Development Planning Agency stated that effective
governance transformation is collaboration between progressive leadership, technological innovation,
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and sustainability (Mungkasa, 2024). To build a sustainable city, smart cities in Indonesia are very
important to be developed (Aisyah & Pratama, 2023). Not only focusing on technology, but smart cities
also prioritize social and environmental integration as an improvement in the quality of life of the
community (Wahyudi, Widowati, & Nugroho, 2022). Since 2017, Indonesian government has the
"Movement Towards 100 Smart Cities" program as a commitment to implement smart cities
(Atmaheni, Atmaheni, & Adianto, 2024).

One of the smart city implementations is smart parking, which is able to overcome parking
management problems in urban areas. The development of smart parking shows the influence of
technology in parking management so that it can save time searching for parking spaces and minimize
congestion by applying sensor technology based on mobile applications that present real-time
information to drivers regarding the availability of parking spaces (Zhang, Liu, & Wang, 2023). This
system can increase security through the application of police number recognition as vehicle
verification for parking facility users (Kishor, 2024). Rachman et al. (2024) emphasize the influence
of important integration between public transportation systems and smart parking management in
improving mobility efficiency in big cities. In addition to improving the user experience, smart parking
also plays a role in efforts to reduce carbon emissions through time effectiveness (Zhang, Liu, & Wang,
2023).

The development of smart parking by applying the You Only Look Once (YOLO) model has given
significant results (Kishor, 2024). Research by Alif (2024) shows that the YOLOv11 method is able to
detect the availability of parking spaces with 98% accuracy which is included in the high accuracy
category with a real-time video analysis process in identifying parked vehicles and empty parking
spaces (Alif, 2024). Application of YOLOv11 to parking lot monitoring systems can accelerate the
decision-making process in parking management (Kishor, 2024). YOLOv11 can detect parking space
vacancies and provide information and directions to drivers to the available parking spaces. The
accuracy shows 97%, which means that the system is optimal in providing routes for drivers in real-
time (Cahyo, 2024). The use of YOLOVv11 is growing as evidenced by the significant speed and accuracy
of the results (Sharma, Kumar, & Longchamps, 2024). Variations such as YOLOv11-Nano (YOLOv11in),
YOLOv11-Small (YOLOviis), YOLOvii-Medium (YOLOviim), YOLOvii-Large (YOLOviil), and
YOLOv11-Xtra Large (YOLOv11x) have their own advantages and are used according to user needs in
the application of the YOLOv11 method (Alkhammash, 2025).

This research compares YOLOv11 variants (n, s, m) to determine their effectiveness in solving
smart parking cases. The reseacher compares YOLOv11 variants (n, s, m) because they have a file size
that tends to be smaller and can be used on devices with low specifications. The aim of this research is
to recommend the most effective YOLOv11 variant in the future development of smart parking so that
the accuracy is maximized, and the benefits are even greater.

METHODS

The variants of YOLOv11 need to be compared to evaluate object detection tasks. Each iteration
of YOLOv11 can bring innovation and optimization to its architecture, so it is important to understand
the advantages and limitations of each variant. The existence of this model variant comparison is
intended to identify and offer the effective model according to the assessment matrix studied. In
addition, the conduct of this case study can provide insight into the evolution of the YOLOv11 model
and assist practitioners in determining the choice of model according to their specific needs. To achieve
this goal, the researchers conducted an experimental approach using YOLOviin, YOLOv1is, and
YOLOv11m on specific datasets.

Data Used

In this research, the researcher used two datasets used for training and testing. The training
dataset was in the form of a collection of images processed by Almutasem Bellah Enad with the title
Real-time Car Parking Computer Vision Project. This dataset contained 5725 images of parking lots
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and their vehicles, captured from various positions, angles, lighting conditions, and distances.The
dataset was divided into 5094 train set images, 361 valid set images, and 270 test set images. The large
number of images in this dataset allowed for the development of more advanced detection technologies
and contributed to achieve higher precision in object recognition. Moreover, the diverse image
conditions within the dataset provided a comprehensive representation of real-world scenarios,
making the detection model more adaptable to different environments. The inclusion of various
lighting conditions and perspectives ensured that the model could effectively generalize its predictions
beyond the training data. Furthermore, by incorporating multiple angles and distances, this dataset
enhanced the robustness of the detection system in recognizing vehicles under different circumstances.
A sample dataset from the first dataset is shown in Figure 1.
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Figure 1. Sample from Real Time Car Parking Computer Vision Project
(Resource: https://universe.roboflow.com/almutasem-bellah-enad/real-time-car-
parking/dataset/4 link)

The testing data used was a 6-second video of parking lot activity from the acceleration results.
This video comes from GitHub with the username Arpitpatel1706. The researcher only took the raw
video with the title parking1.mp4 on GitHub. This video has several conditions, namely dark and light.
The researcher used testing data in the form of a video to see the variants of YOLOv11 in detecting
moving and real objects. The sample dataset testing video footage is shown in Figure 2.

Figure 2. Video Footage from Arpitpatel1706
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(Resource: Personal Document, 2025)

YOLOv11 Architecture

YOLO (You Only Look Once) is one of the deep learning architectures used for object detection
in imagery and video ( Zoubaydat & Mao, 2021). First introduced by Redmon et al. in 2016, YOLO
offers a fast and efficient object detection approach by simultaneously performing bounding box
prediction and object classification in a single stage of a convolutional neural network (CNN)
(Redmon, 2016). Since then, YOLO has undergone various iterations and improvements, including
YOLOv2, YOLOv3, and so on, with improvements to accuracy and detection speed.

The You Only Look Once version 11 (YOLOv11) model is relied upon as a new architecture in
YOLO modelling known for its high level of efficiency and precision. The YOLOv11 architecture
consists of three main components, namely Backbone, Neck, and Head (Wang, Jiang, Xu, Xiao, &
Zhao, 2025). The backbone plays a role in extracting features from the input image. YOLOv11 uses
C3k2 (Cross Stage Partial with kernel size 2) which is a variant of Cross Stage Partial (CSP) with a
smaller kernel size (Khanam & Hussain, 2024), so that processing can take place quickly without
compromising the performance of the model. Neck plays a role in combining features of different
resolution levels, in YOLOV11 use Spatial Pyramid Pooling Fast (SPPF) to improve efficiency in the
feature extraction process and Cross Stage Partial with Spatial Attention (C2PSA) mechanism to
improve spatial in the feature map so that the model can focus on important areas in the image
(Agustin, Ayub, & Liliawati, 2024). Head is in charge of predicting bounding boxes and object
classification directly, (Mujahidin, Kamil, & Abdullah, 2024), in YOLOV11 anchor-free is implemented
to increase flexibility and adapt to different types of datasets without complex configurations (Alif,
2024). With these innovations, YOLOV11 is expected to present better performance in detecting
vehicles in real-time in the form of images and aerials. The YOLOv11 architecture can be seen in Figure

Backbone Neck Head
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Figure 3. YOLOv11 Architecture
(Resource: https://medium.com/@nikhil-rao-20/yolovii-explained-next-level-object-detection-
with-enhanced-speed-and-accuracy-2dbe2d376f71)

One of the main advantages of YOLOv11 is its ability to perform real-time object detection
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without sacrificing accuracy (Khanam & Hussain, 2024). This is achieved through architecture
optimization that allows for high-speed image processing. In addition, the use of modern techniques
in deep learning makes YOLOv11 more robust to variations in data, such as lighting changes and
occlusion. (Li, Yan, Li, & Wang, 2024). YOLOv11 has been applied in various fields, including
surveillance systems, autonomous vehicles, and mobile applications. Its ability to detect objects in real-
time makes it ideal for applications that require fast response and high accuracy. In addition, the
computing efficiency of YOLOv11 allows implementation on devices with limited resources, such as
smartphones and embedded systems (Radovan, Mrs§i¢, Dambi¢, & Mihaljevi¢, 2024).

Despite its many advantages, YOLOv11 also faces challenges, such as difficulty in detecting very
small-sized objects or in severe overlapping conditions. More research is needed to address these
limitations, including the exploration of more adaptive architectures and integration with other
techniques such as semi-supervised learning. In addition, efforts to improve computing efficiency
without sacrificing accuracy remain a major focus in further development.

Implementation of YOLOv11 Variants

The implementation of the YOLOviin, YOLOviis, YOLOviim models was carried out in
development using Python version 3.11. In the process of training and testing the model, researchers
used the Graphics Processing Unit (GPU) in Google Colab to speed up the computing process. The
libraries used in this experiment include Ultralytics YOLO as the main framework for deep learning,
PyTorch and OpenCV as image and video processing tools, as well as Matplotlib and Seaborn to
visualize the results of the evaluation.

Training and testing used the same dataset, which was the first dataset containing 5725 images
with various conditions. The dataset was divided into 5094 train set images, 361 valid set images, and
270 test set images. The researcher did not perform the augmentation or preprocessing process on the
dataset because the dataset had been evaluated by the creator. The configuration of the experiment
carried out using the Ultralytics YOLO training pipeline was 100 epochs, batch size is 16, with the
image used is 640 x 640 pixels and 8 workers to speed up the data loading process. The tested model
consisted of three variants, namely YOLOv11in (nano) which is the lightest version and suitable for
limited devices, YOLOv11s (small) which has higher accuracy but is still efficient, and YOLOviim
(medium) which is larger and accurate but requires more computing resources.
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Figure 4. Sample Result of Train dan Validation
(Resource: Personal Documents, 2025)

After the testing process was completed, the researchers provided a real-time video of vehicle
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activity in the parking lot with a duration of 6 seconds. The video had been sped up to show the activity
from day to night. This video was used to evaluate the model's performance in detecting parking slots
in various light conditions. The model generated a boxed bounding that marked the detected parking
slot, along with a confidence score that shows the level of certainty of the model against the detection
results. The detection results of each model variant were compared based on several evaluation
metrics, such as loss function (box loss, classification loss, and DFL loss), mAP50, precision, recall,
FPS (frames per second), and confidence score. From the test results, performance differences between
models were assessed to determine the advantages of each variant in the context of parking lot
detection.

Evaluation of YOLOv11 Variants

At the evaluation stage, tests were carried out on the three YOLOv11 variants, namely YOLOv11n,
YOLOvi1s, and YOLOviim to assess the ability to detect parking slots in a 6-second video. This
evaluation aims to measure how well each model recognizes empty and filled parking areas, as well as
assess the inference speed of each model. Some of the metrics used in the evaluation included mAP50,
mAP50-95, precision, recall, and inference rate (latency per frame). In addition, to understand the
detection performance of each category (empty and filled parking slots), precision, recall, and mAP50
measurements were carried out specifically for each class.

The evaluation was carried out using a confusion matrix to measure the accuracy of the model's
classification of parking conditions. In addition, analysis of precision and recall values was used to
determine whether the model was more likely to produce false positives or false negatives in detecting
parking status. All of these metrics were calculated based on the detection results applied to an
accelerated 6-second test video, so that it could represent parking activity from morning to night.

RESULT AND DISCUSSION

In this section, an analysis of the performance of the YOLOv11 model with three variants, namely
YOLOv11n, YOLOv1is, and YOLOv1im, in detecting parking lots was based on a 6-second test video.
The evaluation was carried out by comparing several key metrics, such as mAP50, Precision, and
Recall, as well as FPS Comparison and Confidence Score Comparison. Testing of this 6-second video
resulted in 189 frames with ground is 17 parking slots.
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Figure 5. Comparation Result of YOLOv11n,YOLOv11s, and YOLOviim
(Resource: Personal Documents, 2025)

The comparison image shows that in terms of mAP50, the difference between the three models
is quite small, with YOLOv11s recording the highest mAP50 at 0.967, followed by YOLOviim and
YOLOv1in which have a value of 0.965. In terms of Precision and Recall, the results show that
YOLOviim and YOLOviis have higher precision and recall values than YOLOv1iin. However, the
difference is not too significant, especially in detecting empty and filled parking slots. This indicates
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that while more complex variant (YOLOv1i1m) have better overall performance, lighter variant such as
YOLOv11s can still deliver competitive results.

Inference speed (latency per frame) is one of the important factors in selecting a model for real-
time implementation. From the FPS Comparison results, it can be seen that YOLOv11n has the highest
FPS (62,14), followed by YOLOv11s (56,50), and YOLOviim which has the lowest FPS (37,67). This
suggests that while YOLOv11m has the best performance in the detection aspect, its use in real-time
applications may be more limited due to its higher latency. This is shown in figure 6.

FPS Seatility Campalinon Acrass Moses

TS

|
|

T WMk Ut A0 ki
boeee LK ,..._..._. A Lt b '," ..........
Hi _________ J‘*"w f[ﬁ*‘mmm i Tr“?},r*
| | l

wroaiin s e hg K2 1A PRSI
proedty isernl bheg: N84S F
prollin raired ey 3701195

e = “ - e 2 o -
fro=r % arday

Figure 6. FPS Stability of YOLOv1in, YOLOv1is, and YOLOviim
(Resource: Personal Documents, 2025)

In addition, the Confidence Score Comparison shows that YOLOv11m has the highest confidence
score (0.706), followed by YOLOv11s (0.704) and YOLOv11in (0.692). This indicates that variant with
larger sizes tends to have higher confidence in detecting objects, but with a compromise in inference
speed.

Comfident w Soone Comperwon Aot Maden

oo I Ssomend (v O 002
poees iy creined e L4

B P

’ », nm 1nen ver e e 1o

Figure 7. Confidence Score of YOLOv11in, YOLOv11s, and YOLOviim
(Resource: Personal Documents, 2025)

In addition, the researcher also observed the results of the confusion matrix for testing on a 6-
second video. The 6-second video that became the test material produced 189 frames. In the video the
researcher assumed that there were 17 parking slots which became the ground truth. Each model had

produced an average number of detections equal to ground. The third image of the confusion matrix
obtained by each model is shown in Figure 8.
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Figure 8. Confusion Matrix of YOLOv1in, YOLOv11s, and YOLOviim
(Resource: Personal Documents, 2025)

From the results of the confusion matrix, YOLOv11n can correctly detect the number of parking
spaces by 20, YOLOv11s can detect 34 parking spaces correctly, and YOLOviim can detect 14 parking
spaces correctly. Although on average the n, s, and m variants can have an average detection value of
18.15343915, 16.53439153, and 17.42857143, if you calculate the accuracy, all variants still have low
accuracy. YOLOv11n gets 10.5% accuracy, YOLOv11s gets 17.9% accuracy, and YOLOviim gets 7.4%
accuracy. This can happen because of a number of reasons. The researchers assume that the model is
poorly trained to distinguish parking slots, vehicles in certain lighting conditions and adjustments. In
the sample footage, it can be seen that under certain color conditions, the model fails to detect the
presence of cars or parking lots. In certain frames, the model detects vehicles that shouldn't.

Figure 9. Samle Footage Analysis of Detection Result
(Resource: Personal Documents, 2025)

In the context of real-time parking spot detection implementations, the choice of model is highly
dependent on specific needs. If the system requires fast detection with minimal latency, YOLOv11n can
be a more appropriate choice. However, if accuracy is a top priority, YOLOv11m is more recommended.
YOLOv11s can be the most effective variant if you want to get a balance between these two aspects.

CONCLUSION

After comparing the three YOLOv11 variants, namely YOLOv11in, YOLOv11s, and YOLOviim in
detecting parking spaces in video tests that have color, lighting, and angle conditions that make
parking spaces not clearly visible, researchers found that YOLOv11s has the highest mAP50 (0.967),
indicating that this model provides the most accurate detection results compared to the other two
variants. Meanwhile, the YOLOv11m has the highest precision and recall, which means that this model
is better able to detect parking slots with fewer errors than the YOLOv1in. YOLOv11n has the highest
FPS (62.14), followed by YOLOv11s (56.50), and YOLOviim (37.67). This means that YOLOv11n is
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better suited for real-time applications because of its lower latency.If the top priority is real-time
detection speed with minimal latency, YOLOv11in is the best choice. Based on these results, the
selection of the YOLOv11 variant should be tailored to the specific needs of the application, whether it
prioritizes accuracy, speed, or resource efficiency.

For further research, it is recommended to focus on improving the accuracy of the model in
detecting empty and filled parking slots. Based on the test results, the accuracy of the model is still
relatively low, which is likely due to the model's lack of ability to distinguish parking slots from vehicles
in certain lighting conditions. Therefore, it is necessary to make adjustments to the training data, such
as adding more image samples with different lighting variations, shooting angles, and environmental
conditions. In addition, the model also needs to be better trained, for example by increasing the
number of epochs or fine-tuning hyperparameters to reduce detection errors. Errors in detecting
objects that are not vehicles as cars, or vice versa, are also a concern, so the use of additional data
augmentation or preprocessing techniques can be considered to improve the model's resilience to
variations in parking conditions. In addition, further validation can be carried out with testing on
longer videos to ensure that the model can work stably in real-world scenarios. With this improvement,
it is hoped that the YOLOv11 model can be more optimal in detecting parking slots accurately and
efficiently.

REFERENCES

Zoubaydat, D., & Mao, Z. (2021). Motion Detection and Object Detection: Yolo (You Only Look Once). 2021 7th
Annual International Conference on Network and Information Systems for Computers (ICNISC), 250-
257.

Afrilia, U. A., Asy'Ary, A. P., Muhdiarta, U., Mayasari, Y., & Anangkota, M. (2024). Transforming Public Services:
The Role Of Digital Innovation In Indonesian Municipal Governance. Visioner, 16(1), 60-70.

Agustin, G. V., Ayub, M., & Liliawati, S. L. (2024). Acne Severity Detection and Classification: Comparing You Only
Look Once Methods. Jurnal Teknik Informatika dan Sistem Informasi (JuTISI), 10(3), 468-481.
doi:https://doi.org/10.28932/jutisi.v10i3.9414

Aisyah, A., & Pratama, I. N. (2023). Kebijakan Strategis Dalam Merancang Dan Membangun Konsep Smart City
Yang Berkelanjutan. Journal of Environmental Policy and Technology (JEPTEC), 1(2).
doi:https://doi.org/10.31764/jeptec.v1i2.17006

Alif, M. (2024). YOLOv11 for Vehicle Detection: Advancements and Applications in Intelligent Transportation
Systems. Journal of Transportation Technologies, 14(1), 45-62.

Alkhammash, E. (2025). Multi-Classification Using YOLOv11 and Hybrid YOLO11n-MobileNet Models: A Fire
Classes Case Study. Fire, 8(1), 17. doi:https://doi.org/10.3390/fire8010017

Atmaheni, Atmaheni, A. A., & Adianto, J. (2024). Indonesia’s Smart City: Does Legal Framework Matter?
International Journal of Built Environment and Scientific Research, 08(02), 93-104.

Cahyo, A. N. (2024). Optimasi Sistem Smart Parking Menggunakan Metode YOLOv11 dan Algoritma A*: Tinjauan
Terkini. Jurnal Teknologi Informasi dan Komunikast, 13(1), 35-46.

Hamjen, H. (2023). Priority Information System For Electronic Government (Spbe) Public Services In
Palangkaraya City. Jurnal Studi Komunikasi Dan Media, 27(2), 51-66. doi:DOI:
10.17933/jskm.2023.5125

Khanam, R., & Hussain, M. (2024). Yolovii: An Overview Of The Key Architectural Enhancements. zrXiv.
doi:https://doi.org/10.48550/arXiv.2410.17725

Kishor, R. (2024). Performance Benchmarking of YOLOv11 Variants for Real-Time Delivery Vehicle Detection: A
Study on Accuracy, Speed, and Computational Trade-offs. Asian Journal of Research in Computer
Science, 17(12), 108-122. doi:https://doi.org/10.9734/ajrcos/2024/v17i12532

Li, Y., Yan, H., Li, D., & Wang, H. (2024). Robust Miner Detection in Challenging Underground Environments: An
Improved YOLOv11 Approach. Applied Sciences, 14(24), 11700.

Mujahidin, S., Kamil, M. 1., & Abdullah, R. K. (2024). Pengembangan Deteksi Objek Dalam Rumah Bagi Tunanetra
Berbasis Optimasi YOLOv8 Menggunakan Metode Ghost Module dan Attention Mechanism. Jurnal
FASILKOM (teknologi inFormaASi dan ILmu KOMputer), 14(3).
doi:https://doi.org/10.37859/jf.v14i3.8179

Mungkasa, O. (2024). Mewujudkan Kota Global di Indonesia: Pembelajaran Transformasi Tata Kelola
Pemerintahan  Kota  Global Dunia.  Bappenas  Working  Papers, (pp. 339-362).
doi:https://doi.org/10.47266/bwp.v7i3.375



Sainteknol Vol 23, No 1 (2025): June 2025

Peraturan Presiden Nomor 132 tahun 2022. Retrieved from https://peraturan.bpk.go.id/Details/233483/perpres-
no-132-tahun-2022

Putri, G. L. (2024). Smart City di Indonesia: Peluang, Implementasi, dan Tantangan dalam Pengembangan Kota
Modern. Cilacap: Flux. Retrieved 1 16, 2025

Radovan, A., MrSi¢, L., Pambi¢, G., & Mihaljevié, B. (2024). A Review of Passenger Counting in Public Transport
Concepts with Solution Proposal Based on Image Processing and Machine Learning. Eng, 5(4), 3284-
3315.

Rahman, A., & Ali, M. (2024). Integrating Smart Parking with Public Transport Systems: A Sustainable Approach
for Urban Mobility. Journal of Urban Technology, 31(1), 45-62.

Redmon, J. (2016). You only look once: Unified, real-time object detection. In Proceedings of the IEEE conference
on computer vision and pattern recognition.

Sharma, A., Kumar, V., & Longchamps, L. (2024). Comparative performance of YOLOv8, YOLOvg, YOLOv1o0,
YOLOvi11 and Faster R-CNN models for detection of multiple weed species. Smart Agricultural
Technology, 2772-3755. doi:https://doi.org/10.1016/j.atech.2024.100648

Wahyudi, A. A., Widowati, Y. R., & Nugroho, A. A. (2022). Strategi Implementasi Smart City Kota Bandung.
Journal Good Governance, 18(1). doi:10.32834/gg.v18i1.460

Wang, Y., Jiang, Y., Xu, H., Xiao, C., & Zhao, K. (2025). Detection Method of Key Ship Parts Based on YOLOwv11.
MDPI, 13(1), 201. doi:https://doi.org/10.3390/pr13010201

Zhang, Y., Liu, H., & Wang, J. (2023). Smart Parking Solutions: Enhancing Urban Mobility and Reducing
Congestion. Transportation Research Part C: Emerging Technologies, 145, 103-115.

10



