International Journal of Engineering Trends and Technology
ISSN: 2231-5381 / https://doi.org/10.14445/22315381/IJETT-V7315P104

Volume 73 Issue 5, 30-37, May 2025
© 2025 Seventh Sense Research Group®

Original Article

Design and Optimization of Al-Driven Image Processing
Pipelines for Smart Cameras

Brayan Vizarreta Huayapa®®, Rodolfo Churata Quispe?, Jesus Talavera S*

1Department of Electronic Engineering, School of Production and Services, Universidad Nacional de San Agustin de Arequipa,
Arequipa, Peru.

*Corresponding Author : bvizarreta@unsa.edu.pe

Received: 09 December 2024 Revised: 31 March 2025 Accepted: 25 April 2025 Published: 31 May 2025

Abstract - This paper presents a new design and optimization framework for the Al-driven image-processing pipeline dedicated
to smart cameras that overcome main computational efficiency, energy consumption, and flexibility challenges. The proposed
pipeline integrates state-of-the-art deep learning models, such as YOLOvV5 and Faster R-CNN, along with optimization
techniques, including model quantization and pruning. The modular architecture is flexible for the integration of new algorithms
and technologies. Extensive validation was made in urban traffic surveillance and residential security contexts in Arequipa,
Peru, which shows significant improvements in accuracy, processing speed, and energy efficiency. The deployed pipeline
achieves, on average, 92% precision, 89% recall rate, and 90.5% F1 score on the urban traffic monitoring domain while
improving the processing speed by 40% and reducing energy consumption by 35%. For intrusion detection in home security, it
detects with 88% accuracy, FPR of 5%, and FNR of 7%. Due to the modular nature of this design, it reduces the integration time
of new functionalities by 60%. These results give reason for the robustness and feasibility of the pipeline that can be deployed in
resource-constrained environments, opening perspectives toward wider diffusion and further research on Al-driven smart
cameras.
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computational inefficiencies often prevent them from
processing massive amounts of data in real-time. While very
accurate, most Al-based approaches, such as CNN and
transformer architectures, are computation-intensive and

1. Introduction

Artificial intelligence and computer vision technologies
have completely changed how modern smart cameras work in
everything from urban traffic oversight to residential security

[1]. As urban areas work towards making themselves
intelligent and safe, so does the demand for efficient, reliable,
and multi-purpose smart camera systems. These would be
designed to capture visual input while analyzing and
interpreting the same in real time to enable timely decisions
and responses automatically to altering situations [2]. Some of
the challenges faced by these cities include congestion,
violation of traffic rules, and inadequate pedestrian safety. In
this regard, intelligent cameras with integrated artificial
intelligence image processing systems supply one of the most
practical means for automating traffic surveillance and
accident detection while delivering value to urban
development professionals. Similarly, increased awareness
about the urge to improve home security ushered in smart
cameras that can detect unauthorized entry, track package
delivery, and alert the user to the existence of a hazard. Its
recognition is still burdened by some limiting factors despite
the acceptable levels of accuracy and speed. Despite the
possibilities, there are several limitations that intelligent
camera systems often find themselves mired in. First,

cannot be easily implemented on the resource-limited
hardware usually used in most smart cameras [3]. Energy
consumption is another serious problem. Countless
deployments of smart cameras, particularly in remote or
outdoor environments, rely on battery power. Inefficient
designs in terms of energy consumption may incur frequent
maintenance and operational downtime, reducing their
effectiveness. Another key limitation of current systems is
their very poor flexibility; modifying or replacing algorithms
after deployment often involves significant technical effort
and downtime, a major concern in dynamic environments.

These are exacerbated by distinct environmental and
infrastructural factors in heterogeneous urban environments
such as Arequipa, Peru. The cluttered crossroads, changing
climate conditions, and coexistence of state-of-the-art and
traditional traffic movement challenge the inspection of traffic
flow. For instance, Arequipa loses more than 700 million soles
($200M) a year due to traffic congestion [4]. Addressing
comparable contexts, home security systems placed in these
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locations often deal with issues related to dynamic lighting,
power outages, and broad variations in user needs, from
simple perimeter surveillance to intrusion detection. To
counteract such issues, Al-based image processing chains will
have to be created or refined in order to also work within the
tight constraints entailed by smart camera technology. These
model pruning, quantization, and transfer learning are some of
the very promising optimization techniques that can be used
to reduce computational loads without losing much accuracy.
Besides, a modular architecture in system design will further
enhance the flexibility of smart cameras, seamlessly
integrating new algorithms and state-of-the-art technologies

[5].

Besides the technical challenges, it clearly follows that a
holistic approach to smart cameras would have to take into
account environmental, infrastructural, and user-linked
factors. For example, advancing the pipeline in energy
efficiency directly benefits the systems operating in off-grid
conditions, while refining the detection algorithms instils
more confidence among users in home security technologies
[6]. This research contributes to Al-powered smart camera
systems by proposing a novel image-processing pipeline
focused on efficiency, flexibility, and deployability. Our
proposed strategy leverages state-of-the-art deep learning
models, optimization techniques, and modular design
principles. The present work, therefore, strives to bridge the
gap existing between what is theoretically achievable with Al-
driven systems and what has been empirically realized so far
through comprehensive testing and validation.

The remainder of this paper is organized as follows:
Section 2 reviews related works in the fields of Al-driven
smart cameras, modular architectures, and optimization
techniques. Section 3 outlines the methodology for designing
and implementing the proposed pipeline, including
experimental setups and evaluation metrics. Section 4 presents
the results of the experiments, highlighting key performance
improvements in accuracy, efficiency, and adaptability.
Section 5 discusses the implications of these findings, their
limitations, and potential avenues for future research. Finally,
Section 6 concludes the paper by summarizing its
contributions and suggesting directions for further work.This
work aims to further the advances in smart cameras to
perform, at some fundamental levels, challenges such as
computation efficiency, adaptability, and realistic application,
making such systems technologically sound and viable in a
wide range of applications.

2. Related Work

In the evolution that intelligent imaging devices have
undergone, significant contributions have come from
advancements in Al, particularly in the subfields of computer
vision and machine learning. A smart camera can run most
complex applications involving object detection, scene
recognition, and activity analysis. However, most of these
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applications are not very prevalent because they are either
computation-intensive or energy-consuming and do not apply
to every resource-constrained environment. Basic ideas of
deep learning models have been applied for object detection.
Faster R-CNN, YOLO, and RetinaNet are among the
benchmark models with high ranking in both accuracy and
speed [7-9]. Faster R-CNN by Ren et al. revolutionized object
detection by embedding region proposal networks that
allowed high-precision detection with less computational
requirement. Meanwhile, the YOLO models, particularly
YOLOv3 and YOLOV5, emphasized real-time processing
capability without sacrificing accuracy.

The latest smart camera technologies based on artificial
intelligence have demonstrated considerable promise for
enhancing practical applications, including city traffic
monitoring and home security. For example, the CamFi
system, based on an Al camera platform, has been presented
to help individuals find misplaced items in crowded areas
using real-time video processing and deep learning techniques
[10]. This underscores the increasing significance of
incorporating sophisticated artificial intelligence algorithms
within smart cameras to facilitate various capabilities.
Another research study also points out the integration of real-
time traffic information with environmental sensor
information for dealing with issues arising in rapidly changing
urban settings [11].

These innovative works have been instrumental in
enabling smart cameras to process considerable amounts of
visual data in real-time, mainly required by applications
dealing with urban traffic surveillance or residential security
systems. Notwithstanding their potential, these models
frequently encounter difficulties when implemented on low-
power devices, requiring optimization strategies.

Modularity is one of the key factors that shall be pursued
in artificial intelligence systems to enhance their flexibility
and ease of maintenance. Modular frameworks can easily
adopt new algorithms or replace outdated ones without
requiring major changes to the system as a whole. Indeed, the
work of Clément et al. epitomized modularity in the extension
of functional life for artificial intelligence systems within
dynamically changing contexts, such as rapid changes in
requirements [12]. This is quite applicable for intelligent
cameras that apply in urban environments, such as Arequipa,
whereby shifts in traffic flow and security threats are often
considerable. Energy efficiency will be one of the main
concerns in smart cameras; of course, it will be so in remote
or outdoor applications. Many of these works developed low-
power processing units and efficient energy-scheduling
algorithms in order to prolong the operational life of smart
cameras. While these solutions have numerous advantages,
their cost and complexity often limit their applicability in
settings where resources are scarce. Applications include
using smart cameras in vehicle classification, pedestrian
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behavior monitoring, and enforcing traffic discipline within
urban traffic surveillance. Guerrero-lIbanez et al. illustrated
how smart cameras can be used to help alleviate traffic
congestion and improve road safety [13]. Nevertheless, such
systems often struggle with occlusion, bad weather, and
complex situations of traffic flow with high density. Similar
residential solutions have been extended with intelligent
cameras using Al to perform unauthorized entry detection,
monitor package arrival, or authenticate identified persons.
However, false positives and false negatives reduce their
reliability and erode users' trust.

The above research indicates considerable progress in the
field of Al-driven image processing. Nonetheless, there is a
shortage of research on the specific challenges concerning
deploying intelligent camera systems in diverse urban
settings, e.g., in Arequipa. For instance, although the CamFi
system has proven useful for tracking lost objects in multi-user
environments, its applicability for surveillance purposes in the
city remains constrained by inefficient energy optimization.
Likewise, while integrating environmental and traffic sensor
data enhances decision-making accuracy, such strategies are
difficult to realise in energy-constrained home environments.

This research work is inevitably going to facilitate this
deficiency by proposing an artificial intelligence-based image
processing framework tailored to the demands of intelligent
cameras in both urban and residential contexts. In the
proposed system, advanced models, optimization strategies,
and modular designs will be adopted for better computational
efficiency, energy utilization, and flexibility. This research
will further the knowledge base on successful smart camera
deployment in  resource-constrained and  dynamic
environments.

3. Methodology

The proposed system has focused on designing and
implementing the Al-based image processing pipeline
optimized for all limitations and challenges that characterize
smart cameras. This system is designed to overcome
challenges in  computational inefficiency, energy
consumption, and adaptability; extensive validation was
performed in urban traffic surveillance and residential security
applications. The designing architecture of this research
includes architecture, implementation, and evaluation.
Designing and architecture involve the formulation of grounds
that need to be made for the proposed pipeline. The first phase
determines what the operational needs will be in making
intelligent cameras work in these varied environments: traffic
density, weather conditions, and light situation change all vary
along residential areas of cities such as Arequipa.

Based on these requirements, the pipeline integrates key
components: a pre-processing module, an object detection
module, and an optimization layer. This shall normalize the
images and hence reduce noise, preparing the raw input data
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for further analysis. The object detection module will make
use of state-of-the-art deep learning models such as YOLOvV5
and Faster R-CNN to realize the most accurate and fast results
of detection. The optimization layer utilizes model
quantization and pruning to bring down computational costs
with no loss of performance. It is designed with a modular
architecture that allows easy updating and the addition of new
algorithms with a certain guarantee of adaptability for a long
period. The second step involves the realization of the
designed pipeline, which is integrated into the smart camera
hardware. The experimental setup uses economically viable
ARM-based processors that emulate all real-world conditions
for the off-the-shelf smart cameras. The software architecture
is realized in Python, complemented by TensorFlow and
OpenCV due to their outstanding capabilities in computer
vision and object detection [14, 15]. Transfer learning will be
applied, adapting the pre-trained object detectors to identify
vehicles, pedestrians, and possible intruders in an Arequipa-
specific context. During this stage, optimization will be
pursued through post-training quantization and structural
pruning to reduce size, to improve model inference speed.
Modularity helps substitute some elements, like the algorithm
for object detection, without causing problems within the
whole system.

The optimization module utilizes post-training
quantization along with structural pruning methods to achieve
model compression with negligible accuracy loss.
Quantization is a technique of transforming model weights
from Floating-Point Format (FP32) to fixed-point format
(INT8), which lowers memory consumption and inference
time in resource-limited hardware. Structural pruning removes
redundant neurons or layers, which decreases computational
overhead further. Together, these techniques yielded 35%
power saving and 40% processing speedup, as outlined in the
results.

The datasets used in this study were collected in urban and
residential environments in Arequipa, Peru, to address specific
traffic surveillance and safety challenges. For traffic
monitoring, 50,000 images were captured at 4 critical
intersections: Av. Mariscal Castilla, Av. Jesus, Av Ejercito,
Calle Ayacucho, during a week, covering weather variations
and peak hours (7:00-9:00 AM, 5:00-7:00 PM), with 1080p
cameras and annotations validated by the working team. In
residential security, 20,000 images were collected in 10 homes
located in 3 different neighbourhoods, simulating intrusions
and daily movements under dynamic lighting conditions.

This will be evaluated along four axes: accuracy,
computational efficiency, energy consumption, and system
adaptability. For object detection activities, the accuracy will
be quantified by precision, recall, and F1 score. The energy
consumption is evaluated by observing the power utilization
of the hardware in deployment under standard operating
conditions. The resulting models would then be compared
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with the proposed pipeline to validate it against the present
unoptimized systems like YOLOvV5 and Faster R-CNN. In
such a test, one could highlight the improvements attained
regarding accuracy, processing speed, and energy efficiency.

Images were normalized to 640x480 pixel resolution to
balance accuracy and efficiency on ARM Cortex-A53
hardware, and data augmentation techniques were applied to
improve model robustness. This included gamma adjustments
(x30%) for nighttime conditions, haze simulation using
Gaussian filters (6=1.5), and class balancing using horizontal
rotations and flips for minority categories. The final set was
stratified 70-20-10 for training, validation and testing,
ensuring that each subset represented the diversity of scenarios
captured in Arequipa.

More importantly, it is important to mention the ability to
enable a case study on the system's working in Arequipa while
keeping in view the local ground realities, including heavy
traffic and the variation in environmental conditions. Figure 1
shows the data flow for the pipeline. Table 1 summarises the
hardware and software specifications used within the research.
The key distinctive features of the proposed system are
modularity and adaptability. In contrast to monolithic systems,
a system designed with modules easily can have parts updated,
such as object detection algorithms and optimization methods
[16]. This attribute is particularly useful in dynamic
environments wherein demands are changing at a fast rate.
Moreover, optimization methods will keep the system
performing well on resource-constrained hardware without
losing accuracy or the adaptiveness of the system. It creatively

Image Input

A 4

Pre-processing

designs, effectively executes and comprehensively evaluates
the challenges associated with deploying smart camera
systems in pragmatic environments. Using the power of
sophisticated Al models, optimization techniques, and
modular frameworks, the proposed system scales and makes
the answer to urban traffic surveillance and residential security
viable. This works as the premise for deeper analysis and
discussion of the obtained results.

Table 1. Hardware and software specifications

Component Specification
ARM Cortex-A53 (Quad-core,1.4
Processor
GHz)
Memory RAM 2 GB DDR4
Storage 16 GB eMMC
Camera Resolution 1080p (Full HD)
Lens Type Fixed Focus, 2.8mm Lens

Connectivity

Wi-Fi 802.11ac, Bluetooth 5.0,
Ethernet (10/100 Mbps)

Operating System

Linux-based (Ubuntu 18.04 LTS)

Deep Learning

TensorFlow 2.4.1, OpenCV 4.5.1

Framework
Object Detection YOLOVS, Faster R-CNN
Models
Optimization Model Quantization, Structural
Technigues Pruning, Transfer Learning
Power Supply 12V DC, 2A
Battery Life 8 hours (with 5000 mAh battery)
Dimensions 100mm x 100mm x 50mm
Weight 250 grams

Maintenance and Updates

|

Model Optimization

'

v

Obiject Detection

A

|

Post-processing

|

Output

Fig. 1 Workflow for the pipeline
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4. Results

The proposed Al-driven image processing pipeline was
tested on various real-world scenarios, including urban traffic
monitoring and home security applications in Arequipa. The
results show that the system can solve computational
inefficiencies, energy consumption, and adaptability
challenges with significant improvements over the existing
systems. This section presents a detailed analysis of the
performance metrics of the pipeline, emphasizing practicality
and scalability for real-world deployment.

The evaluation of urban traffic monitoring shows the
pipeline is highly effective and efficient in detecting and
classifying vehicles and pedestrians. It achieved an average
precision of 92%, recall of 89%, and F1 score of 90.5%. All
these metrics outperform the baseline systems, including non-
optimized implementations of YOLOv5 and Faster R-CNN.
The ability of the proposed solution to sustain such high
accuracy in dense traffic scenarios, where occlusions occur
quite frequently, along with other varying weather conditions,
is indicative of the robustness of the system. On average, it
processed video streams at 25 frames per second, representing
a 40% increase in processing speed compared to the baseline
systems. This heightened efficiency provides for near-real-
time monitoring, a requirement crucial to adaptive traffic
management in urban environments. Moreover, the
optimization in the processing pipeline resulted in a 35%
reduction in energy consumption, making the system viable
for long periods of time, especially in off-grid installations
powered by batteries. For a sample detection in urban traffic,
see Figure 2.

Fig. 2 Sample detection results in urban traffic monitoring

The system was further tested for home security
applications under various conditions, such as fluctuating
lighting and indoor-outdoor transitions. The pipeline
performed intrusion detection with an accuracy of 88%, a false
positive rate of 5%, and a false negative rate of 7%. These
results reflect the system's ability to differentiate between
actual threats and benign activities, such as the movement of
pets or shifting shadows. Furthermore, the modular design of
the pipeline significantly reduced the time required to
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integrate new functionalities. For example, the addition of a
new model for package detection was done in 60% less time
compared to monolithic systems. This flexibility is especially
helpful in home environments where the needs of users and
the potential threats change quickly. The efficacy of the
proposed system was tested by running a comparison with the
existing solutions, including commercially available smart
cameras. The system outperformed these baselines along
many dimensions. This yields a 10% increase in accuracy and
a 30% gain in FPS in the application of urban traffic
monitoring. It also achieves an 8% improvement in accuracy
with a 28% energy reduction in home security applications.
Such improvements show that the proposed pipeline can work
efficiently on resource-constrained conditions without
compromising accuracy or flexibility for sample detection in
home security applications, as shown in Figure 3.

Fig. 3 Sample detections in home security applications

The evaluation also assessed the scalability of the
proposed solution. In urban environments, the modularity of
the pipeline allowed additional detection capabilities to be
easily incorporated, such as the bicycles and motorcycles
common in mixed traffic patterns in Arequipa. For in-home
deployments, the system can accommodate user-specific
needs, like the customization of detection zones or sensitivity
thresholds. These elements point to the versatility of the
proposed pipeline, fitting for deployment in a wide range of
contexts. A detailed performance breakdown is presented in
tables and figures to support the analysis. Table 2 summarizes
the accuracy, recall, and F1 scores achieved by the proposed
system compared to baseline and commercial solutions.
Figure 4 compares performance in accuracy, recall, and F1

score.
Table 2. Summary of precision, recall, and f1 score

Svstem Precision Recall F1 Score
Y (%) (%) (%)
Proposed Pipeline 92 89 90.5
YOLOvV5
(Baseline) 82 80 81
Faster R-CNN
(Baseline) 8 83 84
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Fig. 4 Performance comparison

These results confirm the effectiveness of the proposed
pipeline in mitigating the shortcomings of existing smart
camera systems. The accuracy, efficiency, and adaptability
improvement ensures that the system is feasible for
deployment in real-world scenarios, especially in resource-
constrained environments such as Arequipa. The findings also
suggest the possibility of scaling the solution to other regions
and applications, opening up further research and
development in Al-driven smart camera systems.

5. Discussion

The results obtained from the proposed framework of Al-
based image processing depict achievements in precision,
effectiveness, and agility that are unmatched by contemporary
systems. The discussion on the implications of the results
obtained, limitations of the present study, and possible paths
of future research follow in the succeeding section. Such a
proposition with a pipeline achieving high accuracies of 92%
precision, 89% recall, and 90.5% F1 score in detecting and
classifying vehicles and pedestrians in cluttered urban traffic
scenes brings a big step toward View Soldier support.

This would be very important in contexts such as
Arequipa's, where congestion and safety concerns top the
agenda. In fact, the 40% increase in processing speed,
reaching 25 frames per second, improves the monitoring to
almost real-time time-a feature very important for effectively
adapting traffic management. Actually, the 35% reduction in
energy makes the system ready for extended use, especially in
off-grid usage.

It achieves an 88% improvement of the pipeline in
intrusion detection, with 5% false positives and 7% false
negatives for home security applications. Besides, this
indicates the system's robustness in discriminating actual
threats from benign activities. Further flexibility is accorded
to the modular design: once new functionalities take 60% less
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time to integrate particular benefits in dynamic home
environments where users' needs are rapidly changing, just
like the threats. Compared with other commercial smart
cameras and baseline systems, such as YOLOV5 and Faster R-
CNN, this mostly outperforms them by up to 10% better
accuracy enhancement in urban traffic monitoring, up to a
30% gain in FPS; likewise, up to 8% better accuracy in related
applications in home security while providing energy
efficiency up to 28% lesser. Several developments show the
pipeline working efficiently in resource-constrained
environments.

This further increases the scalability of the proposed
solution. Because this is a modularly designed pipeline,
incorporating other detection features, such as motorcycles
and bicycles in mixed traffic in Arequipa, among others, is
relatively easy. Systems in residential implementations can
have flexibility for users to tune the detection area or level of
sensitivity. With such flexibility, the pipeline would fit the
majority of applications. Given the significant improvements
achieved in this work, the current study has several
limitations. The experimental setup in this work was mostly
focused on urban traffic monitoring and residential security
applications in Arequipa.

Further research in this field should be done on the
robustness of the pipeline, with its applicability in a wider
range of environments and scenarios. Testing the system in
rural and industrial environments with different characteristics
of infrastructure and the environment should be done. Testing
the pipeline's efficacy in harsh weather conditions and other
events promoting high occlusion levels is another key feature.
Other promising directions for future research might be related
to integrating sophisticated Al models, like transformers,
directly into the pipeline. The current paper used models such
as YOLOV5 and Faster R-CNN; the use of transformer-based
models may further help in enhancing the accuracy and
adaptability of the system. Energy-efficient hardware
accelerators, including FPGAs and ASICs, would reduce the
energy consumption of the pipeline even more.

Additionally, other research will focus on developing
user-friendly interfaces and tools necessary for the
configuration and management of the pipeline. The idea
behind this is to develop intuitive dashboards that are easy to
use to monitor performance and thresholds and integrate new
algorithms. In fact, this will make the pipeline more usable
and widen its potential applications. As a final consideration,
implementing Al-based surveillance systems raises concerns
about citizen privacy, especially in contexts where data
protection regulations are limited [17].

6. Conclusion

The suggested pipeline excels over others due to three
primary reasons: the utilization of state-of-the-art deep
learning models, YOLOVS5 and Faster R-CNN, achieving an
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equilibrium trade-off between precision and velocity; the This pipeline will further investigate how it works on a
employment of state-of-the-art optimization methodologies, wider, more realistic range of environments and
namely quantization and structural pruning, reducing the  weather/occlusion conditions: extreme weather conditions and
computational expenditures by a notable margin; and modular high occlusion. This might be pursued by enhancing it with
architecture to enable the facile incorporation of emerging advanced Al models integrated with energy-efficient
functionalities. These factors combined allow the system to be hardware accelerators. In conclusion, the proposed framework
highly adaptable across environments, from urban traffic of Al-driven image processing stands out as one valid solution
intersections to households with varying light and power  for intelligent cameras, with huge improvements assured in
conditions. Besides intrusion detection in residential security ~ terms of precision, efficiency, and flexibility. Successful
contexts, excellent performance is also achieved in classifying ~ deployment in applications related to monitoring urban traffic
pedestrians and vehicles in heavy urban traffic, hence  and residential security creates premises for further
underlining the strength and reliability of the pipeline. acceptance and continuous research on Al-enabled smart
Furthermore, this modular design is flexible and allows the  camera systems.

integration of new features, enhancing the system's

responsiveness against ever-changing environments. Despite  Acknowledgments
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requirement for further research. San Agustin de Arequipa.
References

[1] Apoorv Agha, Rishabh Ranjan, and Woon-Seng Gan, “Noisy Vehicle Surveillance Camera: A System to Deter Noisy Vehicle in Smart
City,” Applied Acoustics, vol. 117, pp. 236-245, 2017. [CrossRef] [Google Scholar] [Publisher Link]

[2] Tan Zhang et al., “The Design and Implementation of a Wireless Video Surveillance System,” Proceedings of the 21% Annual International
Conference on Mobile Computing and Networking, pp. 426-438, 2015. [CrossRef] [Google Scholar] [Publisher Link]

[3] Dat Tien Nguyen et al., “Person Recognition System Based on a Combination of Body Images from Visible Light and Thermal Cameras,”
Sensors, vol. 17, no. 3, pp. 1-29, 2017. [CrossRef] [Google Scholar] [Publisher Link]

[4] Arequipa Loses More than 700 Million Soles a Year due to Traffic Congestion, Automotive Association of Peru, 2023. [Online].
Available: https://aap.org.pe/arequipa-pierde-mas-de-700-millones-de-soles-al-ano-por-congestion-vehicular-agencia-nacional-de-
transito-y-seguridad-vial-plan-urbano-de-movilidad/

[5] Elias Kougianos et al., “Design of a High-Performance System for Secure Image Communication in the Internet of Things,” IEEE Access,
vol. 4, pp. 1222-1242, 2016. [CrossRef] [Google Scholar] [Publisher Link]

[6] Tomasz Kryjak, Mateusz Komorkiewicz, and Marek Gorgon, ‘“Real-Time Hardware-Software Embedded Vision System for its Smart
Camera Implemented in Zynq Soc,” Journal of Real-Time Image Processing, vol. 15, pp. 123-159, 2018. [CrossRef] [Google Scholar]
[Publisher Link]

[7] Shaoqing Ren et al., “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” arXiv, pp. 1-14, 2015.
[CrossRef] [Google Scholar] [Publisher Link]

[8] Joseph Redmon et al., “You Only Look Once: Unified, Real-Time Object Detection,” Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pp. 779-788, 2016. [Google Scholar] [Publisher Link]

[9] Tsung-Yi Lin et al., “Focal Loss for Dense Object Detection,” Proceedings of the IEEE International Conference on Computer Vision (ICCV),
pp. 2980-2988, 2017. [Google Scholar] [Publisher Link]

[10] Ge Yan et al., “Camfi: An AI-Driven and Camera-Based System for Assisting Users in Finding Lost Objects in Multi-Person Scenarios,”
CHI Conference on Human Factors in Computing Systems Extended Abstracts, New Orleans LA, USA, pp. 1-7, 2022. [CrossRef] [Google
Scholar] [Publisher Link]

[11] Harish Reddy Gantla et al., “Fusion of Real-Time Traffic and Environmental Sensor Data with Machine Learning for Optimizing Smart
City Operations,” Fusion: Practice and Applications, vol. 19, no. 2, pp. 328-340, 2025. [CrossRef] [Publisher Link]

[12] Clément Farabet et al., “Hardware Accelerated Convolutional Neural Networks for Synthetic Vision Systems,” Proceedings of 2010 IEEE
International Symposium on Circuits and Systems, Paris, France, pp. 257-260, 2010. [CrossRef] [Google Scholar] [Publisher Link]

[13] Juan Guerrero-Ibafiez, Sherali Zeadally, and Sherali Zeadally, “Sensor Technologies for Intelligent Transportation Systems,” Sensors,
vol. 18, no. 4, pp. 1-24, 2018. [CrossRef] [Google Scholar] [Publisher Link]

[14] Wenzhi Wu, and Ying Wei, “Research on Control of Computer Room Personnel Based on OpenCV,” International Symposium on
Computer Technology and Information Science, Guilin, China, pp. 6-9, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[15] Irfan Kilic, and Galip Aydin, “Traffic Sign Detection and Recognition Using Tensorflow’s Object Detection API with a New Benchmark
Dataset,” International Conference on Electrical Engineering, Istanbul, Turkey, pp. 1-5, 2020. [CrossRef] [Google Scholar] [Publisher
Link]

36


https://doi.org/10.1016/j.apacoust.2016.05.025
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Noisy+vehicle+surveillance+camera%3A+A+system+to+deter+noisy+vehicle+in+smart+city&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0003682X16301475?via%3Dihub
https://doi.org/10.1145/2789168.2790123
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+Design+and+Implementation+of+a+Wireless+Video+Surveillance+System%2C%E2%80%9D&btnG=
https://dl.acm.org/doi/10.1145/2789168.2790123
https://doi.org/10.3390/s17030605
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Person+Recognition+System+Based+on+a+Combination+of+Body+Images+from+Visible+Light+and+Thermal+Cameras%2C%E2%80%9D&btnG=
https://www.mdpi.com/1424-8220/17/3/605
https://aap.org.pe/arequipa-pierde-mas-de-700-millones-de-soles-al-ano-por-congestion-vehicular-agencia-nacional-de-transito-y-seguridad-vial-plan-urbano-de-movilidad/
https://aap.org.pe/arequipa-pierde-mas-de-700-millones-de-soles-al-ano-por-congestion-vehicular-agencia-nacional-de-transito-y-seguridad-vial-plan-urbano-de-movilidad/
https://doi.org/10.1109/ACCESS.2016.2542800
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Design+of+a+High-Performance+System+for+Secure+Image+Communication+in+the+Internet+of+Things%2C&btnG=
https://ieeexplore.ieee.org/document/7434569
https://doi.org/10.1007/s11554-016-0588-9
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Real-time+hardware%E2%80%93software+embedded+vision+system+for+ITS+smart+camera+implemented+in+Zynq+SoC%2C&btnG=
https://link.springer.com/article/10.1007/s11554-016-0588-9
https://doi.org/10.48550/arXiv.1506.01497
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Faster+R-Cnn%3A+Towards+Real-Time+Object+Detection+with+Region+Proposal+Networks&btnG=
https://arxiv.org/abs/1506.01497
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=You+Only+Look+Once%3A+Unified%2C+Real-Time+Object+Detection&btnG=
https://openaccess.thecvf.com/content_cvpr_2016/html/Redmon_You_Only_Look_CVPR_2016_paper.html
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Focal+Loss+for+Dense+Object+Detection&btnG=
https://openaccess.thecvf.com/content_iccv_2017/html/Lin_Focal_Loss_for_ICCV_2017_paper.html
https://doi.org/10.1145/3491101.3519780
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Camfi%3A+An+Ai-Driven+and+Camera-Based+System+for+Assisting+Users+in+Finding+Lost+Objects+in+Multi-Person+Scenarios&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Camfi%3A+An+Ai-Driven+and+Camera-Based+System+for+Assisting+Users+in+Finding+Lost+Objects+in+Multi-Person+Scenarios&btnG=
https://dl.acm.org/doi/10.1145/3491101.3519780
https://doi.org/https:/doi.org/10.54216/FPA.190224
https://www.americaspg.com/articleinfo/3/show/3682
https://doi.org/10.1109/ISCAS.2010.5537908
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hardware+accelerated+convolutional+neural+networks+for+synthetic+vision+systems&btnG=
https://ieeexplore.ieee.org/document/5537908
https://doi.org/10.3390/s18041212
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%E2%80%9CSensor+Technologies+for+Intelligent+Transportation+Systems&btnG=
https://www.mdpi.com/1424-8220/18/4/1212
https://doi.org/10.1109/ISCTIS51085.2021.00009
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Research+on+Control+of+Computer+Room+Personnel+Based+on+OpenCV&btnG=
https://ieeexplore.ieee.org/document/9603702
https://doi.org/10.1109/ICEE49691.2020.9249914
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Traffic+Sign+Detection+and+Recognition+Using+TensorFlow%E2%80%99s+Object+Detection+API+with+A+New+Benchmark+Dataset%2C&btnG=
https://ieeexplore.ieee.org/document/9249914
https://ieeexplore.ieee.org/document/9249914

Brayan Vizarreta Huayapaet al. / 1JETT, 73(5), 30-37, 2025

[16] Numan Senel et al., “Multi-Sensor Data Fusion for Real-Time Multi-Object Tracking,” Processes, vol. 11, no. 2, pp. 1-19, 2023.
[CrossRef] [Google Scholar] [Publisher Link]

[17] Thomas W. Sanchez, Marc Brenman, and Xinyue Ye, “The Ethical Concerns of Artificial Intelligence in Urban Planning,” Journal of the
American Planning Association, vol. 91, no. 2, pp. 294-307, 2025. [CrossRef] [Google Scholar] [Publisher Link]

37


https://doi.org/10.3390/pr11020501
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%E2%80%9CMulti-Sensor+Data+Fusion+for+Real-Time+Multi-Object+Tracking&btnG=
https://www.mdpi.com/2227-9717/11/2/501
https://doi.org/10.1080/01944363.2024.2355305
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+Ethical+Concerns+of+Artificial+Intelligence+in+Urban+Planning&btnG=
https://www.tandfonline.com/doi/full/10.1080/01944363.2024.2355305

