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Abstract

Recently, Smart Video Surveillance (SVS) systems have been
receiving more attention among scholars and developers as a
substitute for the current passive surveillance systems. These
systems are used to make the policing and monitoring sys-
tems more efficient and improve public safety. However, the
nature of these systems in monitoring the public’s daily ac-
tivities brings different ethical challenges. There are different
approaches for addressing privacy issues in implementing the
SVS. In this paper, we are focusing on the role of design con-
sidering ethical and privacy challenges in SVS. Reviewing
four policy protection regulations that generate an overview
of best practices for privacy protection, we argue that ethical
and privacy concerns could be addressed through four lenses:
algorithm, system, model, and data. As a case study, we de-
scribe our proposed system and illustrate how our system can
create a baseline for designing a privacy preserving system
to deliver safety to society. We used several Artificial Intelli-
gence algorithms, such as object detection, single and multi
camera re-identification, action recognition, and anomaly de-
tection, to provide a basic functional system. We also use
cloud-native services to implement a smartphone application
in order to deliver the outputs to the end users.

Introduction
The recent improvements in Artificial Intelligence (AI) and
Machine Learning (ML) algorithms dramatically affected
different areas of science, society, and daily life. The effects
are not limited to the novel approaches to address the clas-
sic problems but broaden the scope of the issues that can be
addressed in each domain. One of the areas that AI has im-
pacted is Smart Video Surveillance (SVS). With the recent
developments in Computer Vision algorithms, faster proces-
sors, ubiquitous broadband, and inexpensive cameras, the
surveillance process has become more intelligent and effi-
cient(Atitallah et al. 2020). Such a capacity has led citizens,
municipalities, and researchers to use SVS in various ap-
plications. The SVS systems can help law enforcement to
enhance society’s safety as a desirable public interest by im-
proving situational awareness(Zhang et al. 2014). Some ma-
jor applications of SVS are anomaly detection, criminal be-
havior identification, pedestrian safety, and public safety. As
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a result of the potential of the technology, the global video
surveillance market is expected to have a Compound Annual
Growth Rate (CAGR) of 14.6 percent from 2020 to 2027,
which means the 42.94 billion USD value in 2019 to reach
144.85 billion USD by 2027 (Fathy and Saleh 2022).

The rapid development of SVS has resulted in some eth-
ical debates. The ethical challenges in this context can be
understood through two approaches: approaches toward ac-
ceptance of the technology and approaches toward imple-
menting the technologies(Hartzog 2018). Investigating the
acceptance of technology brings ethical issues such as trust.
To adopt a technology, most of the potential users, includ-
ing public entities, private entities, and citizens, need to trust
the technology(Schomakers, Biermann, and Ziefle 2021).
On the other hand, implementing a technology raises addi-
tional ethical challenges such as data privacy and data secu-
rity(Abuhammad, Khabour, and Alzoubi 2020). Emerging
technology-based data-driven economy deepened the trade-
off between individual privacy rights and the social goals
of the technology(Waldman 2022). Privacy concerns can be
addressed from different perspectives. However, addressing
this issue at the designing level provides a more flexible and
efficient solution toward the issue(Hartzog 2018). The main
goal of implementing SVS systems is to achieve a reason-
able level of safety in society. According to (Nissenbaum
2004), privacy concerns are among the most important yet
less approached ethical challenges in the video surveillance
sector. This controversial challenge of the topic impedes the
technology from being used vastly in the community, despite
the significant advances in Computer Vision and its promis-
ing potential.

Policymakers regulate technologies to assure the public
that their ethical concerns have been addressed in techno-
logical advancement(Leenes 2019). A technology regulation
not only requires to be dynamic but also should be domain
specific (Boekaerts, Pintrich, and Zeidner 2000) to effec-
tively provide a solution for society’s concerns. The contro-
versial nature of the SVS field from the privacy perspective,
besides the lack of federal regulations and domain specifics
nature of the privacy policy in the US (Acquisti, Brandi-
marte, and Loewenstein 2015; Nissenbaum 2004), brings
the requirement of a particular focus on SVS policies and
regulations. State-by-state approach toward privacy protec-
tion policies resulted in banning facial recognition tech-



nology, one of the leading technologies in the domain of
SVS, in some states. For example, Berkeley and San Fran-
cisco in California state banned the use of facial recogni-
tion. Banning the use of facial recognition technology is not
limited to California. Since 2020 Vermont, Virginia, Mas-
sachusetts, Maine, New York, Washington, Maryland, and
Oregon states banned or limited the use of facial recogni-
tion technology in law enforcement. These regulations and
policies affected big technology companies such as IBM,
Microsoft, and Facebook selling and using facial recogni-
tion technologies and tools (Almeida, Shmarko, and Lomas
2022).

In this paper, we propose a SVS system design. The sys-
tem is designed to use the videos from existing cameras in
public places to improve public safety. Although we are not
the only research team using this setup for this purpose, we
argue that the different elements of the system are selected
intentionally to provide a baseline solution to the ethical
challenge of privacy. Our approach toward this challenge
shows the importance of design in addressing social issues
such as privacy.

Related Work
Smart Video Surveillance in Research
SVS has been a hot research topic for many years. In 2015,
researchers at the University of Alcalá (Arroyo et al. 2015)
proposed a system for real-time detection of suspicious be-
haviors in shopping malls, using a combination of artifi-
cial intelligence approaches to track individuals through a
mall’s security system and determine when suspicious be-
haviors occur. However, like many works in the field, no
regard is paid to ethical concerns, the privacy of the peo-
ple being tracked, or any bias that might be learned by the
system. Instead, the research focuses on real-time execution
and achieving high accuracy on publicly available datasets.
More recently, Peeking into the Future (Liang et al. 2019)
proposed an end-to-end system for predicting the actions of
people in a video surveillance setting. While the work itself
does not pay any mind to ethical, privacy, or fairness con-
cerns, they conclude that future work geared towards real-
world applications may need to consider these issues as a
priority.

In REVAMP2T (Neff et al. 2020), a focus is put on per-
forming person re-identification and tracking in a multi-
camera environment while preserving the privacy of the per-
sons being tracked. They propose two policies to achieve
this. The first is that no image data is stored or transferred
across the network; the system destroys the image data as
soon as it is processed. They argue that this prevents even in-
dividuals with direct access to the system from accessing an
individual’s personally identifiable information. The second
is that instead of using invasive technologies that identify
individuals (e.g. facial recognition) their re-identification al-
gorithm uses an abstract representation of a person’s features
that is uninterpretable by humans. In this way, they aim to
focus on differentation between people instead of personal
identification. Other works have taken similar approaches
and applied them directly to the field of SVS (Gaikwad and

Karmakar 2021).

Smart Video Surveillance in Industry
SVS systems have been used vastly in different sectors. Al-
though some industrial use cases exist for these systems, ad-
dressing privacy issues is not the primary goal of their pro-
posed systems. Most of the firms in the SVS sector offer dif-
ferent video management services. In most cases, they offer
a built-in feature integrated into their general service as their
security solution.

Some firms offer services to blur the actual videos. Mile-
stone systems, for example, offer a ”privacy masking” fea-
ture to protect privacy. This feature provides a modular blur-
ring algorithm. The user can opt out of blurring the video
and choose the intensity of the mask1. In this setup, the ac-
tual videos are still accessible.

A couple of enterprises provide SVS-based solutions to
detect crime. They offer object and person detection and ac-
tion recognition services. They rarely provide information
on the type of data and algorithms they are using2. Avigilion
corporation is an example of these corporations. Avigilion
provides a search feature that enables the clients to search
images for specific individuals and license plates 3. Misuse
of this feature might violate the privacy rights of the individ-
ual.

Some firms offer privacy perseverance systems but need
to provide clear information on their approach toward de-
signing a privacy perseverance system. Genetec Omnicast,
for instance, delivers video surveillance management ser-
vices to clients. Genetec mentions privacy and security pro-
tection as the feature of the service 4. However, they mainly
discussed the cyber-security features of the products.

Privacy Perseverance System Features
It is important to note that there has yet to be any federal
law that addresses privacy issues from a technical perspec-
tive. However, some regulations have been developed to help
developers ensure that the technology complies with pub-
lic privacy concerns. In the US, the Health Insurance Porta-
bility and Accountability Act (HIPAA), the California Con-
sumer Privacy Act (CPPA), and the American Data Privacy
and Protection Act (ADPPA) are the most important acts that
address this issue in different sectors. On the other hand, the
General Data Protection Regulation (GDPR), the European
Union’s set of data privacy and protection rules, is the most
noticeable act in Europe.

The HIPAA Privacy Rule is a national standard that
protects individuals’ medical records and other identifiable
health information. HIPAA applies to health plans, health-
care provider centers, and all providers utilize electronic
healthcare transactions. The focus of HIPAA is to set spe-
cific rules to protect the privacy of individuals. Generally,
HIPAA sets standards to protect individuals’ rights to ban

1https://www.milestonesys.com/
2https://getsafeandsound.com/2021/01/top-video-surveillance-

companies-2021/
3https://www.avigilon.com/
4https://www.genetec.com/



Table 1: Summary of privacy protection acts (GDPR(Viorescu 2017), HIPAA(Centers for Medicare & Medicaid Services 1996),
CCPA(BUKATY 2019), ADPPA is derived from https://www.congress.gov/.

Regulations Domain Type of Data Data Collection Data Transfer Data Processing Data Retention

GDPR General Personal data Minimized By user’s
contest

Consistent with
the purpose

Consistent with
the purpose

HIPAA Health &
Insurance

Medical
records

Consistent with
the purpose

Allowed
between authorized

entities

Allowed
by covered entities

No fewer
than six years

CCPA General
CL residents Personal data By informing

the consumers’
Allowed by
prior notice

By
pseudonymization

By consumer’s
request

ADPPA General Personal data Minimized
Deidentified

data are
allowed

Consistent with
the purpose

At the end
of the service

or by law

any use of health information without their authorization and
to have access to their medical and health records to have a
copy, to request corrections, and to transmit the electronic
version to a third party. (Centers for Medicare & Medicaid
Services 1996). California passed the first comprehensive
commercial privacy law in 2018, the California Consumer
Privacy Act (CCPA). The CPPA will provide clear guide-
lines for organizations and consumers in California and is
applied to any for-profit entity doing business in California
that collects, shares, or sells California consumers’ personal
data and has annual gross revenues of more than 25 mil-
lion USD. The CCPA does not cover Protected Health Infor-
mation (PHI) collected by covered entities or business as-
sociates and leaves it as HIPAA’s subject. It also exempts
medical information subject to California’s analogous law,
the Confidentiality of Medical Information Act (CMIA). In
2020, the California Consumer Privacy Rights Act (CPRA)
was passed. CPRA Expands CPPA and lets consumers to (1)
ask businesses not to share personal information; (2) ask to
modify their incorrect personal information; and (3) limit
enterprises’ usage of ”sensitive personal information,” in-
cluding geolocation; race; ethnicity; religion; genetic data;
private communications; sexual orientation; and specified
health information.

The American Data Privacy and Protection Act (ADPPA)
has yet to be passed by congress; however, it is expected
to be effective shortly. Therefore, investigating the ADPPA
perspective toward privacy as the latest act is critical. The
bill would apply to most entities, including nonprofits, com-
mon carriers, large data holders, and service providers. The
ADPPA would regulate how organizations keep and use con-
sumer data. According to this act, data collectors must mini-
mize the data they collect unless it is ”necessary, proportion-
ate, and limited to” their business purpose. ADPPA specifi-
cally applies limitations on the transfer and, in some cases,
processing of Social Security numbers, precise geolocation,
biometric and genetic data, passwords, browsing history, and
physical activity tracking5.

The General Data Protection Regulation (GDPR) is a data
and privacy protection regulation of the European Union
(EU) in the EU and the European Economic Area (EEA).
The GDPR aims to set standards to ensure individuals con-

5All related content derived from https://www.congress.gov/

trol their personal data and simplify the international busi-
ness regulatory environment. The GDPR’s regulations cover
all ”personal data.” According to GDPR, personal data ”in-
cludes any information relates to a living, identified, or iden-
tifiable person”. Name, SSN, other identification numbers,
location data, IP addresses, online cookies, images, email
addresses, and content generated by the data subject are ex-
amples of personal data (Viorescu 2017). As we can see,
these regulations are outside the SVS context. However, they
provide a reasonable starting point to evaluate and address
the privacy issues in the SVS context.

None of the discussed regulations are specifically de-
signed to consider the privacy issue in the SVS context.
However, summarizing the existing regulations and policy
perspectives provide a framework to address the privacy
concerns in the context. According to the previous sec-
tion, privacy could be addressed from the algorithm, system,
model, and data perspectives.

As it is shown in Table 1, all acts banned covering enti-
ties from using identifiable information. Therefore, from the
algorithm perspective, the best algorithms do not depend on
identifiable information. The system should be designed to
ensure that information is not transferred to a third party.
This system complies with all the acts. These acts also men-
tion the data retention and irreversibility of the data. The
models that are used should address these two concerns.
Finally, the type of data is essential. They should be de-
identified data. Therefore, in a compliance system design,
personally identifiable information (PII) and facial recogni-
tion technology should not be used.

Proposed System
This section proposes our very early design of the AI-based
SVS system. The goal of designing this system is to help
the community improve public safety. Since the pre-installed
cameras have access to images of people tracked by the cam-
eras, it is crucial to consider the privacy issues in different
system elements.

The object of the proposed system is to use the videos
from existing cameras in public areas and, by using AI algo-
rithms, extract and deliver the information to the end users
through a smartphone application. To fulfill the goal of the
system, which is improving public safety, the community
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Figure 1: End-to-end system design.

will need information such as detected objects, detected ac-
tions, detected anomalous behavior, and statistical data of
the population. This system also needs to be equipped with
a notifying system in an emergency. Figure 1 shows the end-
to-end system design and how the different sections of the
system work together.

As shown in Figure 1, the system has two main parts: an
edge/physical server and a cloud-based server. All AI algo-
rithms, and statistical models are run on the edge/physical
server. The results of analyzed data are pushed to the cloud
server. The cloud service is used to host the smartphone ap-
plication and ensure that we will avoid facing technical and
executive problems by increasing the number of users. The
end user uses his/her device to check the stats in their desired
location.

As we can see in figure 2, the pipeline of our system con-
sists of different algorithms. The pipeline receives videos
from cameras and uses YOLOv5 as the object detection
service to detect the persons in each frame (Jocher et al.
2022). The YOLOv5 service puts a bounding box around
the detected person. The ByteTrack is used for assigning the
IDs to each object by re-identifying them between frames.
These IDs are crucial to re-identify the detected objects for
each camera and enable the system to track objects detected
by a camera (Zhang et al. 2022). This system cannot af-
fect society’s safety without algorithms that detect actions
and anomalous behaviors. Pixel-based and pose-based algo-
rithms are two main approaches to detect actions and anoma-
lies (Angelini et al. 2020). Pose-based algorithms are pre-
ferred for the objectives of this system since by using the
pose-based algorithms, the face of people is not recognized,
and the results are gender and racial-neutral. We use Pose
HRNet to extract the person’s keypoints and estimate the
human pose (Sun et al. 2019; Xiao, Wu, and Wei 2018).
We also use Graph Embedded Pose Clustering (GEPC)
(Markovitz et al. 2020) for the anomaly detection task. On
the other hand, Real-World Graph Convolution Networks
(RW-GCNs) (Sanchez, Neff, and Tabkhi 2022) are used for
the action recognition task. Anomaly and action detection
are just some of the tasks that use the keypoints. To achieve
the goal of this system, we should be able to track people
across different cameras. Global re-identification task uses

the extracted keypoints within multiple cameras in a newly
seen domain (Ye et al. 2021). Online learning on the abstract
feature representation is an essential part of re-identification
across multiple cameras. Online learning also helps with pri-
vacy preservation as after a short amount of time, usually
within minutes, a new model based on new data is trained,
and all the old weights are destroyed, which mainly helps
with keeping the stored data encoded.(Sun, Liu, and Sun
2014)

The pipeline results will be stored in a local database
hosted by the physical server. Global IDs (re-identified de-
tection between multiple cameras), camera IDs, record time,
bounding box information, anomaly scores, and the recog-
nized actions associated with each global ID are stored in the
local database. It is a very important feature of our system
that we do not store images nor in the local database nei-
ther in any stages of the pipeline. We then analyze the data
to extract the information required to deliver it to the end
users. We use the global IDs, camera IDs, and record time
features to calculate the real-time number of people at each
camera, the total number of people tracked by each camera
over time, and the cumulative number of people across all
cameras installed in the location. We calculate the real-time
occupancy at each camera and show it on an occupancy in-
dicator. This feature shows the current number of people at
each location compared to the historical appearance of peo-
ple respecting the time. The bounding box information in-
cludes X and Y coordinates of the top left corner, width, and
height of the box. We use the bounding box information to
generate the real-time Bird’s-Eye-View (BEV). BEV feature
provides us the information on how people are using spaces
at each location, and it also enables us to detect group move-
ments as well as group behaviors. Then we merge the BEVs
of the last 24 hours to generate the heat map in each location.
Moreover, another essential function of the system is to no-
tify the users in an emergency. We define the emergency case
as detecting specific objects such as guns, detecting anoma-
lous behavior such as fighting, and observing an unexpected
amount of people. As it is shown in Figure 1, the analysis
conducts on the local server.

The results of the analysis are sent to a cloud server. Using
a cloud-native service to implement the smartphone appli-
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Figure 2: Pipeline flow block diagram. (Jocher et al. 2022; Zhang et al. 2022; Sun et al. 2019; Xiao, Wu, and Wei 2018;
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cation provides robust data storage and management, scala-
bility, and user management solutions(Dahunsi, Idogun, and
Olawumi 2021). In this real-time system, it is crucial to low-
ering the latency as much as possible. We use a low-latency
database to store the data points on the cloud. The low-
latency database enables the application developer to query
within the stored data with the key-value attribute(Dineva
and Atanasova 2021). Moreover, the users can serach eas-
ily in the database for the desired statistics over time and in
different locations. We chose the camera ID and timestamp
as the key-values of tables. Since there are several cameras
in each location and we need to push real-time data to the
cloud server, we need a gateway to ensure each data point is
pushed correctly to the specified table of the database. This
gateway generates topic rules based on the key-value to push
data directly to the specified database. Another function of
the gateway is to ensure the users are notified in emergency
cases via their devices. Therefore, necessary topics and mes-
sages are created on the gateway to enable the service com-
municate with the rule-based message service. In the analy-
sis section on the physical server, the emergency cases such
as detecting anomalous behavior are distinguished and are
pushed to the rule-based gateway as a specific topic. The
gateway then communicates with rule-based message ser-
vice to publish the message on users’ devices. We also need
an application development service that enables the applica-
tion developer to generate required APIs for the smartphone
application. To manage the users we use an authentication

service on cloud.

Evaluation
In this section, we will elaborate on the evaluations of the
proposed system. This system could be evaluated on two
bases: quantitative and qualitative. In the quantitative sub-
section, we will report the results of the algorithms we uti-
lized. In the qualitative subsection, we will argue how this
early system can be considered a baseline model for improv-
ing public safety in SVS.

Quantitative Evaluation
In order to achieve the goal of the system, we need to use an
appropriate object detection algorithm. In our case, we use
YOLOv5 (Jocher et al. 2022). It accepts frames as input and
will provide bounding boxes for the objects it sees, including
the pedestrians in each frame. There are multiple versions of
YOLOv5 available, but to achieve a fair balance between
speed and accuracy, we use YOLOv5x, which has an mAP
(val 50) of 68.9% for single-model-scale on COCO val2017
(Lin et al. 2014). The speed on the Nvidia V100 GPU with a
batch size of 32 is 4.8ms averaged over COCO val images.

Following the object detector, we use ByteTrack (Zhang
et al. 2022) for re-identifying people between consecutive
frames. ByteTrack reports a MOTA of 80.3 and 77.8 on
MOT17 and MOT20, respectively, from MOT challenge test
set (Leal-Taixé et al. 2015; Dendorfer et al. 2020, 2019).



Table 2: Summary of Quantitative Evaluation.

algorithm data set metric results
YOLOv5 COCO accuracy 68.9%
ByteTrack MOT17 MOTA 80.3
ByteTrack MOT20 MOTA 77.8
ByteTrack MOT17 throughput 29.6
ByteTrack MOT20 throughput 13.7

HRNet-W48 COCO val precision 76.3
HRNet-W48 COCO test-dev precision 77
GEPC-Pose ShanghaiTech AUROC 0.752

The reported throughput is 29.6 and 13.7 on MOT17 and
MOT20, respectively.

In order to obtain the keypoints of each person, we use
Pose HRNet (Sun et al. 2019; Xiao, Wu, and Wei 2018).
Pose HRNet is a top-down approach for human pose estima-
tion, receiving the bounding boxes from previous stages and
outputting the 17 COCO style keypoints. We use HRNet-
W48 which has an average precision of 76.3% on the COCO
validation set and an average precision of 77.0 on the COCO
test-dev set.

These final keypoints can be utilized for any down-
stream tasks such as anomaly detection, action detection,
and global re-identification. Global re-identification refers
to re-identifying people between multiple cameras without
revealing any biases toward identifying the characteristics
and demographics of each person, such as race, ethnicity,
and color.

As an example of downstream tasks, we use GEPC
(Markovitz et al. 2020) for anomaly detection. GEPC uti-
lizes the obtained keypoints in order to identify anomalous
behaviours if they exist in a frame. GEPC provides two
different approaches for anomaly detection namely GEPC-
Pose and GEPC-Patches. GEPC-Patches uses pixel infor-
mation and thus not useful in our case. GEPC-Pose on the
other hand only uses keypoints information with and on the
ShanghaiTech dataset (Ranjan, Le, and Hoai 2018) reported
Area Under the Receiver Operating Characteristic curve of
0.752.

Any other application that uses pose information can be
another downstream application of the proposed system. Ta-
ble 2 represents the summary of the quantitative evaluations.

Qualitative Evaluation
We discussed in the proposed system section the algorithms
and services and the data flow of this design. We evaluate
the system qualitatively based on the four levels of privacy
perseverance discussed in the Privacy Perseverance System
Features section. From the algorithm perspective, all AI-
based algorithms are pose-based algorithms. In this design,
we avoid using algorithms that use identifiable information,
such as pixel-based algorithms. The most important parts
of the system, such as anomaly detection, action recogni-
tion, and global re-identification, use skeleton and abstract
feature representation. As a result of this approach toward

(1) Segmented Image (2) Object Detection (3) Local ReID (4) Pose Estimation

(5) Global ReID

(6) Action Detection

(7) Anomaly Detection
(8) Final Result

Figure 3: Pipeline Qualitative Representation.

the algorithm, neither the inputs nor the outputs are identi-
fiable information. Moreover, the outputs are race, gender,
age, and ethnicity neutral. This specific aspect of the sys-
tem addresses the issue of discrimination as a fundamental
ethical challenge in the public safety domain(Nissenbaum
2004).

Data transmission is an essential aspect of designing sys-
tems in the SVS context (Nissenbaum 2004; Hartzog 2018).
Images of people are accessible through cameras in SVS
systems. These images can be used directly by the data col-
lector for processing purposes or can be sold by the data
collector to a third party. Whether the data is used by the
data collector or sold to a third party, the system’s designer
should consider the essential security practices to prevent
image and data leaks. Although our system is not dependent
on identifiable information, we should ensure that the infor-
mation can not be transferred to an unauthenticated party.
To address this issue, we are using a local server protected
through different firewalls, and only verified users can ac-
cess the server. As discussed earlier in this paper and Figure
1, the SVS pipeline and de-identified information database
are hosted on a local server. We also analyze the data on the
local server and only push the analyzed data to a cloud-based
server.

Data retention and irreversibility are the focus of all pri-
vacy protection acts. This means outputs should not be iden-
tifiable nor reversible when selecting the proper models
for the machine learning tasks. We are following two ap-
proaches to consider this issue. First, we are not using fa-
cial recognition technologies. As described in the Proposed
System section, we use pose-based models in all pipeline
sections. Using pose-based models ensures that our system
is not using identifiable information, i.e., images. Moreover,
we are not storing the image frames in any section of the
system; therefore, no one has access to the images captured
by the cameras. Although we are using abstract feature rep-
resentations to train the models, there might be a problem of
reversibility in the global re-identification model. The global
re-identification model uses the features of the bounding
boxes to identify objects across multiple cameras(Ye et al.
2021). Therefore, the global re-ID model should be able to
store these features and, once it detects a person cross check
the features of the new person with the stored features to de-



Table 3: The proposed system’s solutions for policy chal-
lenges.

Metrics Solution
Algorithm Using Pose-Based Algorithms

System Using Local Server
Model Making Data Irreversible
Data Not Using PII

cide whether this one is a new person. From the model per-
spective, these features can be identifiable by reversing back.
Theoretically, if someone has access to the abstract feature
representations of each person and the weights of the neu-
ral network model, S/he can decode the model and recover
the main image to an acceptable resolution level (Raden-
ović, Tolias, and Chum 2018). Our second approach is to
resolve this reversibility problem. Our proposed solution is
using online learning for global re-ID. This approach up-
dates the model weights every 30 minutes, and the previous
weights will be destroyed automatically. Therefore there is
no chance to revert the images even if someone has access
to the extracted features.

According to privacy protection acts, the type of stored
data is important for a system to be compliant with these
acts. As we discussed earlier in this paper, We have not
only remarked on considerations regarding the stored data
but also have considered the ethical considerations at the
data processing level. As described before, we are not us-
ing pixel-based algorithms according to our system features.
Moreover, we need to store and transfer the actual videos or
images. Putting these two together makes the output data de-
identified. On the other hand, we are not using facial recog-
nition technology in local and global re-ID algorithms. This
guarantees that we do not use any personally identifiable in-
formation to detect persons.

Figure 3 represents the qualitative figure of pipeline. Ta-
ble 3 summarizes the features of our proposed system to
address the ethical challenges of utilizing SVS to improve
public safety.

Conclusion and Discussion
Monitoring the public’s activities is a typical approach to im-
prove public safety. However, monitoring public behaviors
inherently brings an ethical challenge(Miller and Blackler
2017). There is always a trade-off between the limits of mon-
itoring and respecting people’s privacy(Crow et al. 2017).
While someone believes that by escalating monitoring sys-
tems, everyone can benefit from a safer society, others argue
that violating privacy at the expense of safety is not a desir-
able choice (Townsend, Knoefel, and Goubran 2011).

Incorporating AI in the form of SVS systems into the
current passive surveillance systems exacerbated this ethi-
cal challenge. There are some regulations and policies that
address this issue. However, these regulations provide a gen-
eral and holistic overview of using these technology and
are considered the baseline of the system design approach.
Therefore, the concerns about privacy violations of these

systems require special attention to the design of these sys-
tems. We proposed an early design of an end-to-end system
that creates a road map for a more holistic perspective to-
ward addressing ethical challenges in designing an SVS sys-
tem. There are some specific privacy challenges in the SVS.
Using PII and facial recognition technology in processing
can violate people’s privacy. Storing and transferring actual
videos can enhance the possibility of privacy violations. We
argued that privacy issues in designing an SVS system could
be addressed through four perspectives: Algorithm, system,
model, and data. From the algorithm perspective, to ensure
that we are not using identifiable information, we utilize
pose-based algorithms. In order to increase the security of
the system, we run all pipeline algorithms on a local server.
We also use online learning methods for local and global re-
identification as a solution to reversible data. From a data
perspective, we are not storing images and videos.

We argued that the system is generally set up to address
the privacy challenges; However, privacy is only one of the
ethical aspects the current system addresses. Discrimination
is currently a critical ethical issue in policing society(Miller
and Blackler 2017). Since we are not using PIIs and facial
recognition technology, our system is racial, age, and gender
neutral, which provides a fundamental baseline to remove
biases in the policing and monitoring processes.

As shown in the Evaluation section, our end-to-end sys-
tem is fully functional. However, the results still need to be
state-of-the-art and improved. Indeed, in this early stage, our
focus is on two aspects: the functionality of the system and
addressing the ethical issue of privacy. Therefore, In the cur-
rent setup, we are dropping the accuracy to respect privacy.
Optimization of the algorithms and services of this system
on the local server and cloud server will be the next step.

This system can be used in various public domains to help
the community improve public safety. It also can be used by
the public and private sectors as a more efficient alternative
to the current passive surveillance systems. Public parking
lots, grocery store parking lots, university campuses, bus
and train stations, the downtown of the cities, and plazas
are examples of the sectors that can use this system to im-
prove their surveillance system. Although safety assurance
through a privacy perseverance system is the system’s pri-
mary goal, both private and public sectors can benefit from
the information provided. That information can provide in-
sightful business solutions for the sector.

Improving the system’s overall functionality, improving
the accuracy, lowering the latency, and optimizing the band-
width usage and CPU and GPU usage are possible future
works from the system perspective. From the data perspec-
tive, more advanced statistical analysis is required. Consid-
ering the currently provided data, such as bird’s eye view,
heat map, action recognition, and anomaly detection, study-
ing various social issues respecting the occupied spaces
might be very interesting for sociologists. For example, if
any individual or group actions are more likely to occur in
a specific place. Studying the factors that can result in en-
gaging communities with this system is another aspect that
could be addressed. Finally, since we only focused on pri-
vacy issues as the ethical challenges in the context, there is



still room to study the effect of other ethical issues, such as
trust, in designing SVS systems for delivering safety to so-
ciety.
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Hartzog, W. 2018. PrivacyÕs Blueprint: The Battle to Con-
trol the Design of New Technologies. Harvard University
Press.
Jocher, G.; Chaurasia, A.; Stoken, A.; Borovec, J.;
NanoCode012; Kwon, Y.; Michael, K.; TaoXie; Fang, J.;
imyhxy; Lorna; Yifu), Z.; Wong, C.; V, A.; Montes, D.;
Wang, Z.; Fati, C.; Nadar, J.; Laughing; UnglvKitDe; Sonck,
V.; tkianai; yxNONG; Skalski, P.; Hogan, A.; Nair, D.;
Strobel, M.; and Jain, M. 2022. ultralytics/yolov5: v7.0 -
YOLOv5 SOTA Realtime Instance Segmentation.
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