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Abstract. Over the past decade, deep learning has transformed vehicle detec-
tion systems, particularly in smart parking applications. This work presents the
evolution of a near real-time parking lot monitoring system at a university cam-
pus through multiple research and development iterations. The latest version
incorporates the YOLOv11m model, converted to TensorFlow Lite, achieving
a balanced accuracy of 98.65% on a dataset of 3,484 images, with an infer-
ence time of 8 seconds and updates sent to the parking totem every minute. The
system integrates a Raspberry Pi 3 for edge inference, sending the number of
available parking spaces to an InfluxDB database, while an ESP8266 receives
this data and displays it on an LED panel at a totem. Earlier versions faced
challenges such as hardware limitations, lack of documentation, and reliance
on outdated deep learning models. The new version addresses these issues, im-
proving detection accuracy, with enhanced fault tolerance, and a more robust
totem structure. Additionally, a benchmark comparing 13 deep learning models
for smart parking is introduced, along with software and hardware instructions
for system replication.

1. Introduction

The 2030 United Nations Agenda represents a global commitment by member countries,
including Brazil, to promote economic, social, and environmental transformation towards
sustainable development [Nations 2015]. Among the Sustainable Development Goals
(SDGs) of this agenda, the 11th objective stands out, which includes creating inclusive,
safe, resilient, and sustainable cities and communities.

Aligned with these goals, Unicamp has launched the Smart Campus initiative1,
aiming to transform the campus into a more intelligent, efficient, and sustainable en-
vironment by implementing Internet of Things (IoT) technologies. These technologies
seek to optimize decision-making processes and improve both productivity and quality
of life in the university environment. One of the proposals of Smart Campus is the im-
plementation of smart parking systems. Given the high demand for parking spaces on
the Unicamp campus, the objective of this system is to reduce the time spent searching
for a space. It is estimated that up to 30% of urban traffic is related to vehicles search-
ing for a parking space [Shoup 2021], especially in areas with high population density

1Smart Campus Unicamp

https://smartcampus.prefeitura.unicamp.br/
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[Assemi et al. 2020, Rodrı́guez et al. 2024]. This assessment may also include contex-
tual factors such as traffic patterns and occupancy rates [Dowling et al. 2017].

Effective parking management strategies not only reduce congestion and search
times but also contribute to lowering greenhouse gas emissions and fuel consumption
[Rodrı́guez et al. 2024]. Reducing parking search times is particularly impactful during
peak hours, when the number of vehicles is highest, leading to significant reductions
in carbon emissions compared to non-optimized environments [Paidi et al. 2022]. Fur-
thermore, smart parking systems have the potential to improve the user experience and
generate valuable data for urban planning and the development of more integrated and
sustainable environments [de Moraes et al. 2024].

Traditional smart parking systems often rely on infrared, ultrasonic, or magnetic
sensors, which are less suitable for outdoor scenarios and can be costly. An alternative
approach is the use of vision-based solutions, which rely on cameras to capture images of
parking lots and monitor availability. This approach is more cost-effective and easier to
install and maintain, as a single camera can cover multiple parking lot spots. Despite of its
advantages, deploying popular deep learning models on edge devices presents challenges,
particularly in terms of computational efficiency. The field of edge intelligence explores
the intersection between IoT and artificial intelligence. A common scenario is using pre-
trained models at large datasets and deploying them to devices such as a Raspberry Pi,
keeping a local inference at the edge. A common research question when selecting a
model to be deployed in a smart parking system is: What is the most suitable model that
offers a good detection rate while fitting within the constraints of a limited edge device in
terms of memory and inference time?

This work aims to compare the historical rounds of research and development of a
near real-time monitoring system of the number of available parking spaces in the building
of the Institute of Computing - 2 (IC-2) at Unicamp. The main contributions of this
work are a benchmark consisting of 13 deep learning models for smart parking, including
one achieving 98.65% balanced accuracy suitable for edge devices, and a comprehensive
system integrating new and legacy codebases with hardware instructions for building a
smart parking system2.

The remainder of the paper is structured as follows: Section 2 reviews related
work and the previous versions of the system, including architectures, functionalities,
and limitations. Section 3 details the proposed system and its improvements. Section 4
presents the results obtained. Section 5 presents the lessons learned and difficulties faced
during the development. Finally, Section 6 concludes the paper and suggests directions
for future work.

2. Previous Systems and Related Work

As shown in Figure 1, since 2015, the project has undergone multiple rounds of research
and development. We will first present the general concept of the system, followed by
an explanation of each phase. The system utilizes a camera installed in the IC-2 parking
lot at UNICAMP, which captures images and can cover the entire parking lot in a single
frame, monitoring a total of 16 parking spaces. The captured data can be processed with

2https://github.com/discovery-unicamp/smartparking_unicamp/

https://github.com/discovery-unicamp/smartparking_unicamp/
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Figure 1. Research and Development Stages of the System.

inference performed either locally or remotely. Remote inference occurs when the image
is transmitted over the network, and the inference is performed outside the device respon-
sible for capturing the image. This approach raises concerns regarding both latency and
privacy. To address these issues, we focus on performing neural network inference di-
rectly on the edge device, which consists of a Level 3 edge intelligence device, as defined
by [Zhou et al. 2019]. Specifically, we use a model that has been trained in the cloud
and then transferred to the device for inference. The inference determines the number of
available parking spots, which is sent to an associated IoT platform for further analysis.
Additionally, real-time parking availability is displayed on a totem located at the parking
lot entrance, assisting drivers in finding open spaces more efficiently.

The edge device used since 2019 is a Raspberry Pi 3B+ with 1GB of memory
and with increased SWAP memory configuration, designed for low-cost applications that
require processing power and connectivity. It features a 32-bit ARM architecture and is
well-suited for embedded projects, such as real-time monitoring and control systems. The
model used for inference, along with other software components, has evolved throughout
the project. In the following sections, we will discuss the key changes made in each phase
, as well as highlight other works that followed these changes.

2.1. Research Phase 1 (2015 - 2019)
The first research phase began around 2015 with the challenge of implementing a smart
parking system based on cameras to help the university community identify available
parking spots. At that time, deep learning was gaining significant attention worldwide,
and object detection was a rapidly evolving field, driven by competitions like ImageNet,
which encouraged research teams to develop more advanced detection models. Convo-
lutional Neural Networks (CNNs) significantly improved detection performance by en-
abling automatic feature extraction through deep learning. Before CNNs, object detec-
tion relied on classical methods that depended on handcrafted features and algorithms,
which struggled with variations in lighting, occlusion, and other challenges. The adop-
tion of deep neural network models helped address these issues, leading to more robust
and accurate detection systems.

Inspired by this, the research team began experimenting with the GoogleLeNet
model [Szegedy et al. 2015], which won the 2014 ImageNet challenge. This model ex-
tends one of the foundational CNN architectures, enabling efficient training of deeper
networks and incorporating multiple filter sizes to capture different feature scales. How-
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ever, using a pre-trained GoogleLeNet model did not yield satisfactory results, leading
the team to fine-tune it with images of the parking lot using the now-deprecated tool Ten-
sorBox3. To annotate the dataset, a teacher-student distillation approach was used. A
pre-trained Xception instance segmentation network [Chollet 2017], which was too large
for deployment on an edge device, served as a teacher, generating bounding boxes around
vehicles. These were then used to train the student model (GoogleLeNet). This first re-
search phase laid the foundation for subsequent developments, and more details can be
found in a presentation4 delivered at an international conference focused on real-world
machine learning applications. Other smart parking solutions also trained LeNet to detect
vehicles such as [Amato et al. 2017, Nyambal and Klein 2017].

2.2. First Deploy (2019)

After the first research phase, the team faced the challenge of deploying deep learning
models on edge devices, as most state-of-the-art architectures were impractical for em-
bedded IoT systems. A key turning point was the adoption of the Single Shot Detector
(SSD) EfficientDet [Tan et al. 2020], a model developed by Google that builds upon tra-
ditional networks and used for vehicle detection in works such as [Greco et al. 2021].

The use of SSD marked a significant milestone in object detection for edge de-
vices. Unlike two-stage detectors, which generate region proposals and then classify and
refine them in a second stage, SSD models perform a single forward pass of the neu-
ral network to predict bounding boxes and class labels simultaneously. This approach
significantly improves efficiency, making it more suitable for real-time applications on
resource-constrained devices.

Another key factor in deployment is the option to convert the models for a lighter
version using TensorFlow Lite (TFLite). Introduced in 2017, TFLite optimizes the model
for low-power devices by applying quantization and reducing memory footprint. These
optimizations led to the selection of the EfficientDet-D2 Lite model, which became the
first model successfully deployed in the parking lot.

2.3. Research Phase 2 (2020 - 2024)

The second stage of the project’s research included evaluating more advanced mod-
els that had not been tested before, such as versions of the YOLO network and Mask
R-CNN. The YOLO (You Only Look Once) models stood out due to their supe-
rior inference speed compared to other CNN’s since YOLO is also a single-pass de-
tector. The first version YOLOv1 was inspired by GoogleLeNet and introduced by
Redmon in 2016 [Redmon et al. 2016]. The same creator evolved the network until
YOLOv3 [Redmon and Farhadi 2018], introducing improvements in multi-scale detec-
tion and feature fusion. The results of using a pre-trained YOLOv3 model were reported
at [Baggio et al. 2020] and despite achieving good results for that time, this phase of re-
search did not result in a system deployment. Other smart parkings based on YOLOv3
are presented by [Abbas et al. 2023, Satyanath et al. 2023] , where YOLO is shown to be
a more suitable alternative than Mask R-CNN for edge-based deployments.

3TensorBox
4PAPIs.io LATAM 2018 - Full Conference Day 1

https://github.com/lfgomez/tensorbox
https://www.youtube.com/watch?v=vRXgc0Bvbx8
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Even though SSD-based models were the most suitable for the context of
the project, experiments were conducted with the two-stage detector Mask R-CNN
[He et al. 2017], which was the state-of-the-art at the time. Mask R-CNN is built with
a ResNet backbone and extends Region-based CNNs by adding a mask head to predict
pixel-level segmentation masks for each detected object. The results were promising, but
the model proved to be unsuitable for edge devices. Therefore, the experiments were
conducted to compare the performance of the two different families of detectors.

2.4. Research Phase 3 (2024)
In 2024, several new versions of YOLO models were released, each introducing op-
timizations in feature extraction, more efficient backbones, and attention mechanisms
to enhance accuracy and improve detection speed. Specifically, the improvements in-
cluded anchor-free detection (YOLOv8), programmable gradient information (YOLOv9),
position-sensitive attention (YOLOv10), and enhanced feature extraction (YOLOv11). A
comparison was conducted between several versions of pre-trained YOLO models, from
YOLOv8 to YOLOv11, across six different devices, along with two image processing
methods. The results were reported in [da Luz et al. 2024a], and these findings helped
guide the selection of the current model architecture. As these models were released re-
cently, only a few other works such as [Doshi et al. 2024, An et al. 2024] evaluated them
for vehicle detection at smart city related systems.

2.5. Second Deploy (2025)
Based on tests performed in [da Luz et al. 2024a], the YOLOv11 and YOLOv9 models
achieved the best balanced accuracies, with YOLOv11 proving to be faster, which led
to its selection for deployment. After selecting the model version, the next step was
to determine the appropriate model size, as YOLO models offer multiple variants with
different numbers of parameters. Each variant is designed to suit different processing
capabilities, balancing accuracy and computational efficiency. Through device overhead
testing, which measured CPU usage, memory consumption, and prediction performance,
the YOLOv11m variant converted to TFLite was identified as the optimal choice. To con-
vert to TFLite, we followed the step-by-step guide provided by Ultralytics5. As previously
observed with EfficientDet models, this conversion is beneficial for resource-constrained
edge devices and significantly reduces application latency [Verma et al. 2021].

3. Proposed System
Some limitations were identified in the previously deployed system. The primary issue
was its discontinuation due to the termination of a partnership with a company providing
data support. Additionally, the LED panel wires were found to be oxidized, and there was
no documentation of the solution. The Region Of Interest (ROI) selection method, which
relied on image cropping, was functional but lacked precision. Furthermore, the system
used the EfficientDet-D2 Lite model, which could benefit from an updated model with
higher accuracy. Based on these limitations, several improvements were implemented.
This section compares the solutions using the typical layers of IoT projects.

Figure 2 shows that the layers were generally maintained, with some modifica-
tions. The first change was in the data support layer, which was previously an IoT platform

5A Guide on YOLO Model Export to TFLite for Deployment

https://docs.ultralytics.com/integrations/tflite/
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Figure 2. IoT layers of previous systems vs proposed system.

from a partner company but was later replaced with the time series database InfluxDB.
Additionally, a Telegram bot functionality was introduced as part of the application layer.
In the sensor layer, a Raspberry Pi is connected to its standard camera module, which
captures photos, processes them, and transmits the number of available parking spots to
InfluxDB over Wi-Fi. Finally, applications such as the totem and the Telegram bot display
this information to end users and stakeholders.

Figure 3 illustrates the system model, depicting the complete data flow from the
moment a new image is captured to when the information is displayed on the LED panel.
The process begins on the Raspberry Pi, where a Python script establishes connections
with InfluxDB and Redis, a local database that temporarily stores data in a queue before
transmitting it via Wi-Fi. A custom mask is applied, enabling pixel-wise selection to
count vehicles parked within the designated region during post-processing.

After reading the mask, a loop is initiated, in which the photo of the parking lot
is captured and the image is preprocessed for the machine learning model, with normal-
ization and resizing. Resizing is done from 764x1024 pixels to match the input shape of
pre-training. Specifically, YOLOv3 uses an input shape of 416x416, EfficientDet-D2 Lite
uses 448x448, Mask R-CNN uses 1024x1024, and YOLOv8 to v11 use 640x640. The
input shape significantly impacts both model size and performance. After the inference
is performed, Non-Maximum Suppression (NMS) is applied as post-processing, ensur-
ing that only the most confident detections are retained, eliminating duplicate predictions
for the same object. After NMS, using a method detailed in [da Luz et al. 2024a], the
system counts the vehicles that were detected within the ROI and this number is sent to
Redis, where it is stored temporarily before being forwarded to InfluxDB. The number of
available parking spaces is calculated by subtracting the detected vehicle count from the
maximum capacity of 16 spaces.

With the number of available spaces in the database, various applications can con-
sume this data. On the totem’s side, an ESP8266 periodically requests the latest data
from the database and sends it to the LED panel for display. Similarly, a Telegram bot
queries the database and notifies users of any delays in data transmission by comparing
the current time with the timestamp of the last update.
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Figure 3. Data flow of the number of parking spots from the sensor layer to the
application layer. Component image sources: ESP8266, Raspberry Pi 3B+, and
Raspberry Pi Camera Module.

The system has been enhanced with several improvements. The EfficientDet-D2
Lite model has been replaced with YOLOv11m, converted from PyTorch to TensorFlow
Lite (TFLite) in its float16 version, improving detection accuracy and computational ef-
ficiency. To ensure long-term reliability, a scheduled reboot mechanism has been imple-
mented, and remote access has been enabled via SSH. Existing features were maintained,
including the use of a watchdog timer on the ESP8266, the Supervisor process control
system on the Raspberry Pi, Redis for data queuing, and the Unicamp network specific
designed for IoT devices. Additionally, a Telegram bot has been added to provide real-
time notifications and system status updates, enhancing user interaction and monitoring
capabilities.

Regarding the operation of the totem, the previous schematic was maintained but
the LED panel has been upgraded with higher-brightness LEDs for improved readability
and a more robust, weather-resistant base.

Figure 4 shows an overview of how the circuit in the totem works. It was built with
two panels, one on each side so that the number of available spaces is visible regardless
of which side it was viewed from. The microcontroller periodically retrieves the last data
sent to InfluxDB and displays it on the panel. The entire circuit is powered by a 12V
power supply. However, since the development board and the multiplexers 6 operate at
5V, an LM2596 voltage regulator is used to step down the voltage. The power lines are
indicated by the red and black tracks as shown in Figure 4.

6Multiplexer datasheet

https://www.pngegg.com/en/png-sftzv/download
https://commons.wikimedia.org/wiki/File:Raspberry_Pi_3_B%2B_%2839906369025%29.png
https://gopigo.io/raspberry-pi-camera/
https://www.alldatasheet.com/datasheet-pdf/pdf/26904/TI/CD4511BE.html
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Figure 4. Schematic of how the totem works.

To control each of the 14 segments of the panel individually, the specialized mul-
tiplexer CD4511BE was used. This component decodes its input into signals for a 7-
segment display. Thus, to display the correct digits on the panel, the development board
adjusts its I/O pins to set the corresponding binary values required by the multiplexer,
as illustrated by the dark green traces in Figure 4. Since the multiplexer operates at a
different voltage than the LEDs, TIP122 MOSFETs were used to switch the segments on
and off. Additionally, to ensure visibility from both the front and back of the totem, the
circuit was duplicated for the second panel. This duplication includes the MOSFETs and
the two digits shown in the figure, effectively mirroring the entire section of the circuit.

4. Results and Discussion
4.1. Model performance
We developed a benchmark with 13 different models that have been considered in the past
years by the research team members and provided the balanced accuracy, inference time
and model size to discuss how the project evolved. The dataset used was previously col-
lected by the project members and consists of 4477 images containing various scenarios
including day, night, rain, sun, and other variations. The dataset is imbalanced, with fewer
images containing vehicles than empty spaces. To address this, balanced accuracy was
used as the evaluation metric, as it is better suited for imbalanced datasets by considering
performance across both classes. The test set was filtered to include only images with at
least one vehicle to ensure a realistic evaluation, removing 22% of the dataset, resulting
in a final test set of 3484 images.

To maintain a consistent methodology at the evaluation process, we followed the
methodological steps depicted in [da Luz et al. 2024a]. Each image was resized to the
input dimensions required by the respective model according to the pre-training phase
shape. We employed the same post-processing method to select the ROI. Prior to that,
different pre-processing methods were used, such as cropping the regions and using a
mask to change the pixel values at the input image.

Figure 5 shows how each model performs and provides a comparison of the trade-
offs between balanced accuracy and the size of the model. Table 1 is complementary
reporting the exact values of balanced accuracy and model size, and also the inference
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Figure 5. Evaluation of the mod-
els considered for a smart parking
project in terms of model size and
balanced accuracy.

Model Bal. Acc. (%) Inf. Time (s)1 Size (MB)

YOLOv9e2 99.68 92 ± 9.3 117.5
YOLOv11x2 99.46 46 ± 7.4 114.6
YOLOv11m 99.31 11 ± 2.3 40.7
YOLOv11m (TFLite) 98.65 8 ± 0.62 40.5
YOLOv8x2 98.49 28 ± 0.7 136.9
YOLOv10x2 98.30 24 ± 0.2 64.4
YOLOv10n2 97.32 2 ± 0.03 5.9
YOLOv11n2 96.15 2 ± 0.02 5.6
Mask R-CNN 94.95 – 257.6
YOLOv8n2 94.86 2 ± 0.06 6.5
EfficientDet-D2 Lite 89.54 1 ± 0.11 7.6
YOLOv9t2 86.90 2 ± 0.02 5.0
YOLOv3 83.55 9 ± 0.25 248.0

Table 1. Model performance
ranked by balanced accu-
racy.

1 Inference time for Mask R-CNN could not be measured due to the mem-
ory constraint imposed by the 1 GB RAM capacity of the Raspberry Pi
3B+.

2 Values measured at the same hardware at a previous work
[da Luz et al. 2024a].

time of each model measured in the edge device used in the parking lot. The EfficientDet
D2 Lite model deployed in 2019 showed to be a great choice since it reaches 89.54%
balanced accuracy, with the lowest inference time of one second and a small model size.
Contrasting with that, it can be seen that other versions considered in the second research
phase until 2024 have higher model sizes. Also, in the case of YOLOv3, a lower balanced
accuracy was observed. These factors partly justifies the lack of most recent deployments
of the system.

Moving to the last versions of YOLO models released (8 to 11) tested in 2024, it
is possible to note that the smaller version of the models appear consistently at the left
side of Figure 5, with YOLOv10n and YOLOv11n being the ones that reach the highest
balanced accuracy with smallest model size. The largest variants of the YOLO models
appear in the top middle of the figure, reaching the highest possible balanced accuracies
(up to 99.68%), however with slow inference times and large model sizes. That turns
the use of such models possible but not optimal for edge devices, since they drain more
resources and may influence in the health of the hardware used.

To address these conditions, YOLOv11m (TFLite) achieves 98.65% balanced ac-
curacy with a medium-sized model of 40.5 MB. Compared to the previously deployed
EfficientDet D2 Lite model, YOLOv11m (TFLite) shows an improvement of over nine
percentage points in balanced accuracy, with an inference time of 8 seconds. Compared
to the original YOLOv11m model, the TFLite version has an balanced accuracy only
0.66% lower, but it is more suitable for edge devices and can be executed on 32-bit OS.

The increase in vehicle detection accuracy was expected to come at the cost of
slower inference and a larger model size. However, this increase does not overload the
Raspberry Pi 3, and the current inference time remains suitable for the parking lot’s low
turnover rate. Given that the totem display updates every minute, the system’s perfor-
mance is well within acceptable limits.

By performing a qualitative assessment, we can see the comparison between the
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models from a visual perspective.

Figure 6. Qualitative analysis of the evolution of the models throughout the years.

Figure 6 illustrates a challenging scenario in the parking lot, where cars are ex-
posed to direct sunlight. As shown, some models struggle with detection under these
conditions. The top row represents models tested up until 2024, with Mask R-CNN and
YOLOv3 demonstrating better detection than EfficientDet D2 Lite in this specific case,
though performance may vary depending on the challenge. The bottom row highlights the
evolution of YOLO models in terms of generalization capabilities, with YOLOv9e and
YOLOv11x emerging as the best-performing models tested to date. Despite the challeng-
ing lighting conditions, the YOLOv11m (TFLite) model selected for deployment achieves
a good detection rate.

4.2. System performance
To validate the system’s functionality, a bench test was conducted in a controlled labora-
tory environment. A video demonstrating the real-time operation of the system is avail-
able in the project’s GitHub repository available in the Section Reproducibility Statement.
Furthermore, instructions for implementing the Telegram bot, along with a demonstration,
are also provided. After the initial rounds of lab testing, the Raspberry Pi was reinstalled
in the parking lot in December 2024.
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Figure 7. Data sent and received by InfluxDB in the first three months of 2025.

Figure 7 illustrates real-world collected data of parking occupancy for the first
three months of 2025. This data was recorded by the Raspberry Pi and sent at a one-
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minute interval to InfluxDB. From the moment the picture is collected to the display in
the totem, total latency is approximately one minute. This interval was chosen based
on the parking lot turnover but could be lower, as the inference process takes only 8
seconds. Weekends and holidays show deviations to regular weekdays with more parking
spots. The dashed purple line marks the return of academic term, which coincides with a
potential shift in parking behavior. This suggests that the parking demand is influenced by
the current schedule of the university, and can bring insights for traffic flow optimization
inside the campus, specially as more parking lots benefits with similar systems.

5. Lessons Learned and Challenges

During the development of this project, some restrictions and difficulties were encoun-
tered. The decision to maintain the existing Raspberry Pi 3 device imposed constraints
on the software design, particularly due to the 32-bit Raspberry Pi OS operating system.
This restricted the availability of modern libraries, implying on using the TensorFlow
Lite Runtime interpreter. Initial attempts to use a Raspberry Pi 0 proved to be possi-
ble but impractical. The Raspberry Pi 3B+, with 1GB of memory and with increased
SWAP memory configuration, represents our minimum hardware tested for the applica-
tion. This finding highlights the need for careful hardware selection in edge computing
applications, where computational resources are often limited. This experience reveals
the critical need for documenting software versions, dependencies, and configurations to
ensure reproducibility, especially when working with legacy systems.

Regarding the totem circuit side, ensuring reliable electrical connections was a
challenge. Poor contact wires between the wires and MOSFETs led to failures, which
resulted in new rounds of soldering and ultimately in manufacturing a Printed Circuit
Board (PCB). Additionally, the camera’s placement in a high, inaccessible location in-
troduced logistical and bureaucratic challenges, as access required coordination with the
maintenance team. This difficulty emphasized the importance of designing systems with
fault-tolerant mechanisms to minimize the need for frequent maintenance. Another diffi-
culty is repositioning the device after removal. Since a handcrafted mask is used to select
the ROI for vehicle counting, it is unlikely that the camera will be positioned in the exact
previous view, requiring the creation of a new mask in an image manipulation program.

6. Conclusions and Future Work

In this work, we provided a benchmark to evaluate the performance of 13 established deep
learning models within the smart parking system at the Unicamp Institute of Computing.
Additionally, the current system model was assessed, achieving a balanced accuracy of
98.65%, with an inference time of 8 seconds and a model size of 40.5 MB. This represents
an improvement of over nine percentage points in balanced accuracy compared to the
previously deployed model, while maintaining a suitable inference time. Furthermore,
the software and hardware of the solution were updated, facilitating the development of
other smart parking or object detection-related systems. The challenges encountered over
a decade of research and development were also reported and documented, contributing
to future advancements in the field.

As future work, it is possible to add new options of deep learning mod-
els and edge devices to the benchmark as the state of the art evolves, such as
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YOLOv12 [Tian et al. 2025], Transformers based real time models [Huang et al. 2024,
Peng et al. 2024], and devices such as Raspberry Pi 5 and NVIDIA Jetson. In addi-
tion to the mentioned devices, it is possible that the system could be used together with
the Unicamp project to reuse TV Boxes seized by the Federal Revenue Service as edge
devices, instead of using a Raspberry Pi, which would further contribute to the SDGs,
in line with recent work that studied the feasibility of this use in a similar application
[da Luz et al. 2024b, Sato et al. 2024]. Such a change would imply modifying the box
that encloses the device and replacing the current camera with a USB camera module.

In the data support layer, InfluxDB could be replaced by an IoT platform that of-
fers broader functionalities. This platform could be integrated using standardized data
exchange protocols such as NGSI-LD, along with software frameworks built upon them
like FIWARE7 and Smart Data Models8 for the Smart City domain, enhancing interoper-
ability across various smart city and campus solutions.

At the application layer, the bot can be enhanced with daily statistics on the num-
ber of inferences made and vehicles detected. Additionally, it could support user requests
for real-time parking availability, helping users plan their departure from home more effi-
ciently. This real-time availability data could also be integrated into the Unicamp Services
App, which already offers various features to enhance campus life. While the smart park-
ing system at the Institute of Computing currently manages only 16 spaces, the approach
can be extended to more complex scenarios, such as the Unicamp rectory parking lot,
which operates with a four-camera system and manages over 100 parking spots.
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