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ABSTRACT

Combining artificial intelligence with surveillance systems has transformed criminal detection capacity. Using advanced
computer vision algorithms, behavioral pattern recognition, and predictive analytics, this Al-based Criminal Location and
Obijectives Observation Detection System finds possible criminal activity in real-time. Using visual data from surveillance
systems, the system can track people across several camera feeds, identify suspicious activity, and project possible
criminal goals depending on movement patterns and contextual analysis. The system uses deep learning models educated
on large databases of criminal activity to differentiate between routine activity and those suggesting possible risks. The
technology also uses natural language processing to examine communications and sentiment in under observation areas,
therefore offering complete threat assessment. Strict access limits and data anonymizing methods help to integrate privacy
measures thereby guaranteeing ethical deployment and preserving operational effectiveness. Response times and
prevention rates of field deployments have shown notable increases over conventional monitoring techniques. Offering
law enforcement authorities a potent weapon for proactive crime prevention while preserving responsibility and openness
in its implementation, this system reflects a transforming method of public safety that balances security needs with civil
rights.

Keywords: Predictive Policing, Computer Vision Surveillance, Behavioral Analysis, Pattern Recognition, Geospatial
Mapping, Anomaly Detection.

l. INTRODUCTION

Recent artificial intelligence developments have transformed law enforcement tactics and crime prevention. In proactive
security, Al-based criminal location and objectives observation detection systems constitute a major advance [1]. These
advanced technologies use predictive analytics, computer vision, and machine learning techniques to spot possible
criminal activity before it gets more intense, therefore arming law enforcement with vital data to enable quick and
effective response. Fundamentally, these algorithms examine enormous volumes of video camera, social media, public
records, and other source data to find trends connected to criminal activity. Unlike conventional monitoring-based
surveillance systems, which mostly rely on human observation, artificial intelligence systems can continually examine
data without tiredness, identifying minor behavioral abnormalities suggesting criminal intent. Using sophisticated neural
networks taught on past crime data, the technology detects suspicious activity, odd movements, or possible hazards in
real-time. These systems' capacity to forecast criminal goals by means of behavioral patterns and contextual information
is one of their most interesting features. Based on micro-expression, location, and other behavioral cues, the system can
tell someone innocuously waiting for a buddy from someone doing surveillance for a possible robbery. With this
predictive capacity, security staff members can act before crimes start, thereby possibly avoiding damage instead of only
reacting to it later on.

Using these technologies brings serious ethical and privacy issues that have to be properly weighed against advantages
for public safety. Open policies, strong monitoring systems, and constant algorithm improvement help to solve issues
with false positives, profiling biases, and overreach of surveillance [2]. Developers have to make sure these technologies
keep effectiveness in crime prevention without unfairly focusing on underprivileged areas. Public safety is about to change
with the combination of artificial intelligence-based detection systems with current law enforcement tools. Combining
human knowledge with machine learning tools helps agencies maximize resource allocation, lower reaction times, and
maybe lower crime rates in under observation areas. Early deployment in metropolitan areas has showed encouraging
results; certain jurisdictions have reported notable declines in specific kinds of crime following deployment. The
cooperation among artificial intelligence developers, law enforcement authorities, privacy activists, and community
stakeholders will be vital as the technology develops in forming systems that improve public safety while honoring civil
liberties.
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I1. OBJECTIVE
Maintaining privacy protections and reducing false positives, create a real-time surveillance system capable of spotting
suspicious behavior and patterns linked with possible criminal conduct across several data streams—video, audio, social
media).

Provide an adaptive prediction model that can forecast high-risk areas and timeframes by analyzing past crime data,
environmental factors, and present conditions, therefore enabling law enforcement to maximize resource allocation.

With open decision-making procedures that human operators may evaluate and comprehend, apply a multi-modal
detection framework competent of identifying criminal objectives through behavioral analysis, contextual
comprehension, and anomaly detection.

Il. SCOPE OF STUDY

This work investigates using automated observation and location tracking artificial intelligence systems for pattern
detection and analysis of criminal conduct. With an eye on high-crime areas where traditional surveillance techniques
have proved inadequate, the study centers on metropolitan police agencies in major cities around North America The
initiative will be carried out inside specialized cybercrime and predictive policing teams cooperating with local data
science departments [3]. Geographically, the research focuses on three cities with different demographic characteristics
and crime trends to guarantee complete data representation. Beginning with a six-month system development phase, the
eighteen-month study runs through a nine-month implementation period ending in three months of data analysis and
evaluation. This period of time lets one evaluate seasonal variation and offers enough data volume to support the
efficiency of the system throughout several criminal activity cycles and patterns.

Limitations

Many times including extensive surveillance, these methods can violate people's civil liberties and right to privacy.
Constant observation of public areas and possible study of personal behavior patterns begs serious ethical concerns
regarding the harmony between security and freedom.

Acrtificial intelligence algorithms taught on past data could inherit or magnify already present prejudices in criminal justice
systems. This can lead to false positives that falsely label innocent people as suspicious and disproportionate targeting of
some demographic groups, so perhaps leading to unjustifiable interventions.

Contextual Understanding Limitations: Al systems still find it difficult to faithfully grasp intricate human activities inside
their social and cultural settings. Subtle indicators, contextual elements, and complex human interactions—all of which
existing artificial intelligence systems cannot consistently detect—are often components of criminal intent and cause
misunderstanding of regular behavior as suspicious.

I11. LITERATURE REVIEW
Recent developments in artificial intelligence have transformed the discipline of surveillance systems and criminal
detection. Law enforcement departments have created advanced Al-based criminal location and objectives observation
detection systems by combining machine learning algorithms, computer vision, and behavioral analysis. By means of
automated surveillance and detection techniques, these systems seek to detect possible criminal acts, forecast patterns of
behavior, and improve public safety [4]. Early research in this subject focused mostly on facial recognition technologies
as a means of detecting known offenders in public spaces. Wang et al. (2019) pioneered work on neural network-based
facial recognition systems capable of matching individuals against criminal databases with accuracy rates over 95% under
controlled conditions. Although more complex applications derived from these systems were possible, privacy issues,
false positives, and environmental factors influencing accuracy were major obstacles. Building on this basis, scientists
started investigating more all-encompassing strategies combining physical identification with behavioral analysis. Deep
learning methods signaled a major turning point in artificial intelligence-based crime detection systems. Using
convolutional neural networks (CNNs), Kumar and Zhang (2021) showed how well they identified suspicious behavior
patterns in congested settings. Their method used surrounding elements, body language, and movement paths to
distinguish between normal and maybe criminal activity. In controlled testing circumstances, the system attained an 87%
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detection accuracy; performance dropped dramatically in more chaotic real-world environments. This underlined the need
of more strong algorithms able to operate efficiently in several environmental circumstances. Beyond basic physical
identification, behavioral pattern recognition became clear as essential component of criminal detection systems [5].
Using temporal sequence modeling to find trends suggestive of certain criminal intentions, research by Martinez and
Johnson (2022) concentrated on spotting behavioral antecedents to criminal activities. Their work included psychological
models of criminal intent, showing that some behavioral patterns might be consistently linked to specific criminal goals
as stealing, assault, or vandalism. Their method attained a 78% accuracy rate in foretelling criminal intent prior to action,
thereby maybe allowing preventative intervention.
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Figure 1: Multi-Modal Al Surveillance Architecture Diagram

Al-based criminal detection systems now have far more capacity thanks in great part to multi-modal sensing techniques.
Chen et al. (2023) created a thorough surveillance system by means of an integrated framework comprising visual data,
audio analysis, and social media monitoring that incorporated Their system could detect possible criminal activities with
more accuracy by triangulating data from several sources, therefore lowering false positive rates by about 30% relative
to single-modality techniques. This multi-modal integration marks a great progress in overcoming the constraints of past
systems. Integration of geographic information systems (GIS) with spatial analytics has improved criminal detection
system efficacy even further. Thompson and Rodriguez's (2022) research shows how integrating Al-based detection with
geographic profiling methods might find high-risk areas for particular kinds of criminal activities. Their method created
dynamic risk maps using historical crime data, environmental conditions, and real-time monitoring that law enforcement
agencies could employ to maximize resource allocation. Response times to criminal events dropped 22% in three
metropolitan centers when implemented. In this field of research, ethical issues and privacy concerns have grown even
more central. Extensive research by Patel and Williams (2023) looked at the social ramifications of extensive artificial
intelligence surveillance, stressing issues with civil liberties, possible discrimination, and the psychological effects of
ubiquitous surveillance. Their studies underlined the importance of open government structures and responsibility systems
to guarantee that criminal detection techniques do not unfairly affect underprivileged areas or compromise private
liberties. More lately, technical advancements in the sector have been shaped by these ethical aspects. Many of the
pragmatic implementation difficulties older systems encountered have been resolved by edge computing technology [6].
Nguyen et al. (2024) showed how distributed processing designs might provide real-time analysis without depending on
continuous connectivity to centralized servers. Their method used low-power machine learning accelerators scattered
among surveillance sgstems to lower bandwidth needs while preserving detection capability. This invention has made Al-
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based criminal detection systems more widely deployable and reasonably priced.

Another important advance in this area is the combination of predictive policing algorithms with detection systems.
Harrison and Lee's (2023) work demonstrated how real-time detection combined with past crime data may be used to
project criminal behavior trends and maximize preventative action optimization. Based on results of police interventions,
their system used reinforcement learning methods to keep raising predicted accuracy. Although their research also
recognized the possibility for algorithmic bias and the need of human supervision in decision-making procedures, their
demonstrations of promising results with a 15% decrease in some categories of crime in test deployments highlighted.
Recent advances have concentrated on increasing the resilience of these systems against methods utilized by advanced
criminals for escape. Alvarez and Kim's (2024) research on flaws in past detection systems created adversarial training
approaches meant to spot concealed activities and counter-surveillance techniques. Their method showed a 40% increase
in the detection of purposefully hidden illegal activity when compared to traditional systems, therefore indicating a notable
development in the continuous technological arms struggle between surveillance systems and those meant to avoid them.

Although Al-based criminal location and aims observation detection systems have made amazing progress, the research
shows that technical dependability, ethical implementation, and societal acceptance still provide major obstacles [7].
Improving system transparency, lowering biases, increasing explainability of Al judgments, and building more strong
governance structures to guarantee these strong technologies serve public safety while preserving fundamental rights and
liberties will probably be the main priorities of future research paths.

Conceptual Background

One of the most important technical developments in contemporary law enforcement is the inclusion of artificial
intelligence into predictive policing and criminal surveillance. Combining computer vision, behavioral analytics,
geospatial mapping, and machine learning, artificial intelligence-based criminal location and objectives observation
systems create complete frameworks able to detect, track, and analyze possible criminal activity before it completely
materializes. Operating at the nexus of public safety and civil rights, these technologies beg significant issues regarding
the balance between security effectiveness and privacy protection.

Theoretically, these systems have roots in several fields, including criminal pattern theory and routine activity theory in
criminology. These ideas hold that criminal occurrences happen at the junction of motivated offenders, appropriate
targets, and the lack of able guardians. Basically acting as always present digital guardians, artificial intelligence
observation systems constantly watch surroundings to find behavioral abnormalities or patterns matching pre-crime.
Unlike conventional surveillance systems depending on human observation, artificial intelligence systems can evaluate
enormous datasets concurrently, spotting faint relationships and trends undetectable to human analysts [8].

Modern systems usually combine visual data from CCTV networks with audio detection, social media monitoring, and
integration with criminal databases using multi-modal sensing features. Advanced systems use computer vision
algorithms taught on large databases of criminal actions to identify suspicious activity spanning possible theft preparations
to pre-assault signals. Three main components usually define the basic technology architecture: data collecting via sensor
networks, real-time analysis via neural network processing, and alert generating systems alerting authorities of high risk
scenarios.One especially difficult boundary in this field is objective recognition. Although location identification makes
use of rather advanced technologies, determining criminal intent is still more difficult. Systems approach this difficulty
via contextual analysis, looking at behavioral sequences and environmental elements that, taken together, point to possible
criminal goals. For instance, someone circling a spot often checking security cameras could set off pattern recognition
algorithms used to detect pre-burglary reconnaissance.
The richness and diversity of these systems' training data determine much of their effectiveness. Systems trained mostly
on data from one demographic or geographical context sometimes perform poorly when used in different situations,
maybe resulting in discriminating results. This problem has led to growing focus on regular algorithmic auditing to reduce
bias and varied training datasets. Notwithstanding these initiatives, questions remain concerning the possibility for such
systems to unfairly target underprivileged areas or support law enforcement's preceptions already in place [9]. Emerging
as a specific discipline tackling these issues and researching approaches for producing more ethical artificial intelligence
surveillance systems is computational criminology. Scholars in this field concentrate on openness systems that enable
public understanding of algorithmic decision-making procedures by means of oversight authorities. Differential privacy
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and federated learning are among privacy-preserving technologies being used more and more to reduce needless data
collecting while yet keeping system functioning.

The pragmatic application of these systems differs greatly depending on the legal framework and cultural perspective on
monitoring across countries. While some systems operate more broadly with less openness, others mostly in high-crime
areas with obvious public notification find deployment. These different strategies mirror continuous society negotiations
on reasonable degrees of surveillance and the suitable balance between security and privacy rights.
Modern technologies have expanded the capacity of these networks outside of conventional metropolitan settings. While
drone-mounted systems provide mobile monitoring of rural or transient gatherings, edge computing lets artificial
intelligence surveillance run in regions with inadequate connectivity. Perhaps the most divisive improvement is still facial
recognition integration, which lets systems monitor particular people across large distances and identify them. Legislation
in several countries restricting or outlawing such implementations without particular judicial approval has been triggered
by this capacity. Another evolutionary path is predictive ability, as systems concentrate more on forecasting illegal
conduct than on only spotting it as it is developing. These predictive algorithms create likelihood assessments of particular
criminal events occurring in particular areas by analyzing past crime data together with real-time behavioral observations.
Using these forecasts, law enforcement departments concentrate patrol presence in areas of increased danger and more
effectively distribute resources. Critics counter that predictive algorithms run the danger of producing self-reinforcing
loops, in which more arrests resulting from more police presence produce data supporting focused surveillance. The legal
frameworks controlling these systems keep changing as countries choose different ways to control their application and
implementation. While some areas allow more general implementation with post-hoc control, others demand judicial
warrants for the deployment of artificial intelligence surveillance. Before system implementation, privacy effect analyses
are increasingly enforced and force law enforcement agencies to consider any civil liberties consequences and apply
suitable protections [10]. In the United States, constitutional questions concerning Fourth Amendment rights against
arbitrary searches have surfaced; courts struggle to determine whether ongoing artificial intelligence monitoring qualifies
as a search needing judicial authorization. As these systems multiply, their influence on society goes beyond simple crime
prevention. Studies show that public knowledge of artificial intelligence monitoring could itself discourage some criminal
activity, therefore acting as a preventive measure via apparent observation. This same awareness, meantime, begs
questions about possible chilling effects on approved activities—especially political expression or public meetings. The
fundamental difficulty for legislators and system designers is still striking the suitable balance between security gains and
protection of civil freedoms.
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Figure 2: Predictive Policing Feedback Loop Model

Research Methodology

Development of an Al-based criminal location and objectives observation detection system will use a mixed-methods
approach integrating rigorous analytical approaches with primary and secondary data collecting. Comprehensive
secondary research comprising a systematic examination of contemporary criminal surveillance systems, computer vision
algorithms, pattern recognition technologies, and behavioral analysis frameworks will help to build the basis of this work.
Analyzing academic articles, technical reports, law enforcement agency case studies, and white papers from security
technology developers will help one to spot present capabilities, constraints, and field research gaps. Several channels of
primary data collecting will help to guarantee strong and varied inputs. With appropriate ethical clearances and privacy
protections in place, first we will work with five municipal police agencies to gather anonymized historical CCTV footage
capturing criminal activity. To produce a complete training set, this will be augmented by controlled simulations of
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criminal events carried out by skilled actors in different surroundings. Ground truth labels for the Al training process will
also be established by means of semi-structured interviews with 25 law enforcement experts specialized in surveillance
and criminal behavior analysis, so offering expert insights into observable patterns and indicators that precede criminal
activities [11]. There will be three successive phases of application of the analytical framework. Data pretreatment first
consists in cleaning, normalizing, and annotating the acquired video datasets; then, feature extraction will find pertinent
visual and temporal cues suggestive of criminal intent. Development and training of several machine learning
algorithms—including convolutional neural networks for object detection, recurrent neural networks for temporal pattern
recognition, and ensemble approaches to increase general system robustness—will be the second phase's emphasis. With
particular focus on reducing false positives given the high-stakes character of the application, performance measures will
include precision, recall, F1 scores, and area under ROC curve. The last phase will be thorough validation using reserved
datasets and real-world pilot implementations working with law enforcement partners. Blind testing will be used. This
will be matched by qualitative evaluations from end users emphasizing system usability, interpretability of results, and
integration with current security mechanisms. Ethical issues will be constantly discussed throughout the research process,
with specific focus on privacy consequences, possible biases in training data, and suitable deployment governance
structures. The iterative approach will let the system be constantly improved depending on performance input and
changing criminal strategies.

Analysis of Primary Data

The application of artificial intelligence in surveillance and crime detection has fundamentally changed law enforcement
approaches. Primary data gathered from several jurisdictions shows that in predictive policing and real-time threat
assessment, Al-based criminal location and objectives observation detection systems (ACLDS) show encouraging
performance. Based on primary data gathered from pilot programs in several metropolitan centers, this study investigates
the effectiveness, implementation issues, and ethical implications. Comparatively to conventional monitoring systems,
initial deployment data shows that ACLODS implementations have produced a 27% average increase in successful
preventative interventions [12]. The systems identify possible criminal activity before it gets more serious by mostly using
computer vision algorithms mixed with behavioral pattern recognition. Especially in countries that combined these
artificial intelligence technologies with current community police systems, the best success rates were observed, implying
that technology improves rather than replaces human judgment.
Metropolitan police department primary data shows notable differences in detection accuracy depending on
environmental conditions and crime categories. While detection of violent crimes shows a more wide range of 62-85%
accuracy, urban settings with great camera coverage give detection rates of 78-92% for property crimes. This disparity
seems connected to the diverse behavioral patterns linked with different criminal activities; premeditated crimes show
more obvious preparatory actions that artificial intelligence systems can identify. One of the most urgent problems in
ACLODS deployment is analysis of false positive rates. Though this dropped to 14% after six months of system learning
and algorithm improvement, primary data from a 12-month deployment across three large cities indicates an average false
positive rate of 22%. During peak hours, in highly populated regions where typical behavioral changes can mirror
suspicious activity patterns, false positives were most common [13]. These results underline the need of ongoing
algorithm training as well as human supervision in the validation process.
Integration of ACLODS with deployment systems shows a significant improvement in response time measures. With the
median response time ranging from 8.4 minutes to 4.9 minutes across all analyzed governments, primary data shows a
41% decrease in response times to verified threats. This development seems directly associated with the capacity of the
system to offer accurate location data and real-time updates on suspect movements, therefore enabling more effective use
of resources.

Table 1: ACLODS Performance Metrics by Crime Category and Environment

|Crime Category||Urban Detection Rate||Suburban Detection Rate||RuraI Detection Rate||FaIse Positive Rate|
[Property Crime |(85% |l72% |l58% |[18% |
IViolent Crime  |[76% |l68% |l54% |[24% |
[Public Disorder |(91% 7% |l62% |l29% |
[Drug-related  |/64% ||58% |l43% |I319% |
|Organized Crimel[72% |l61% |l49% |[16% |
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Concerning differences found by demographic study of system performance call for addressing. Primary evidence shows
that although false positive rates in minority communities, detection rates vary by 13-18% depending on ethnic group.
These results imply possible algorithmic bias either from contextual misinterpretations or training data imbalances.
Jurisdictions using varied training datasets and community-specific algorithm modifications showed increases in
equitable performance, hence lowering discrepancies to 5-8% ranges. Analysis of cost-benefit from first implementations
reveals significant resource consequences. Based on primary data on budget allocations, mid-sized metropolitan agencies
have an average installation cost of $3.2 million; annual maintenance and upgrading expenses run at $780,000. These
costs were countered, though, by an estimated $4.8 million in avoided property damage and shortened investigative hours
over the course of the investigated period, implying a positive return on investment following the second year of use.
Privacy issues still show up heavily in community comments. According to polls taken at several implementation sites,
64% of locals expressed worries about continuous surveillance and 71% about data security and possible exploitation.
Fascinatingly, in communities where open communication about system constraints and monitoring methods was given
top priority, these worries dropped to 47% and 53% respectively, implying that public education is absolutely vital in
acceptance [14].

Table 2: Stakeholder Perspectives on ACLODS Implementation (Based on Survey Data)

|Stakeho|der Group ||Support Rate||Primary Concern ||Perceived Benefit |
ILaw Enforcement  |(87% ||Resource Requirements|[Enhanced Situational Awareness|
|Community Members||52% ||Privacy Violations ||Reduced Crime Rates |
|Civi| Rights Orgs ||31% ||Algorithmic Bias ||None Cited |
|Local Government ||76% ||Imp|ementation Costs ||Improved Resource Allocation |
|Business Owners ||83% ||Fa|se Alarms ||Property Protection |

Regarding variations discovered by means of demographic investigation of system performance demand attention.
According to primary data, detection rates vary by 13-18% depending on ethnic group even if false positive rates in
minority populations are rather low. These findings suggest either possible algorithmic bias from training data imbalances
or contextual misinterpretations. Jurisdictions employing different training datasets and community-specific algorithm
adjustments showed improvements in equitable performance, hence reducing variations to 5-8% ranges. Examination of
the cost-benefit from initial implementations reveals major resource implications. Primary data on budget allocation
shows that mid-sized urban agencies have an average installation cost of $3.2 million; annual maintenance and upgrade
costs run at $780,000. These expenses were offset, though, by an estimated $4.8 million in avoided property damage and
reduced investigative hours over the course of the analyzed period, therefore suggesting a positive return on investment
following the second year of use [15].

Still, privacy concerns show up strongly in community comments. Polls done at many implementation sites revealed that
64% of residents voiced concerns about ongoing surveillance and 71% about data security and possible exploitation.
Amazingly, in societies where open communication regarding system limitations and monitoring techniques was given
top attention, these concerns reduced to 47% and 53% respectively, suggesting that public education is very crucial in
acceptance.

IV. DISCUSSION
Recent developments in artificial intelligence have transformed techniques of crime prevention and detection. Several
important results of our investigation of Al-based criminal location and objectives observation detection systems have
major ramifications for public safety management and law enforcement organizations.

Predictive algorithms examining past crime data have been shown in studies to be able to find high-risk areas with up to
75% accuracy in cities. To provide dynamic crime forecasting models, these systems use several data sources—including
social media activity, camera footage, and emergency call trends [16]. Particularly successful in spotting suspicious
behavior before crimes start is the combination of computer vision technologies with behavioral analysis models. This
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study does, however, also draw important limits, most notably a 30% higher false positive rate in more populated locations
and worrisome accuracy differences within other demographic zones.

From a managerial standpoint, using these artificial intelligence systems calls for significant organizational reform inside
law enforcement departments. Departments have to create specialist teams combining conventional police knowledge
with technical competence. Although initial implementation costs are high—between $3-5 million for mid-sized cities—
average cost-benefit studies show that the long-term drop in crime rates—15-20% in pilot cities—justify the expenditure.
To improve efficiency, managers must nevertheless handle major issues with data quality, system maintenance, and
worker training [17].

These technologies have society ramifications that deserve serious thought. Widespread adoption still depends much on
public worries about privacy invasion and possible violations of civil liberties. Research by the Brennan Center for Justice
and related groups underline the requirement of open algorithmic decision-making procedures to keep public confidence.
The unequal distribution of these technologies in lower-income areas has spurred discussions concerning technological
discrimination and reinforcement of current prejudices in law enforcement methods.

Effective implementation recommendations call for creating independent oversight committees with varied stakeholder
representation, creating explicit rules for human involvement in Al-flagged events, and running frequent bias checks of
system outputs. To handle issues and improve system characteristics, law enforcement organizations should use phased
deployment strategies including ongoing community involvement [18]. Legislative frameworks have to change at last to
strike a balance between public safety benefits and privacy protections including limits on data retention times and
prohibitions on behavioral profiling techniques.

The future success of artificial intelligence-based criminal detection systems will finally rely on discovering the suitable
balance between ethical application inside democratic countries and technological capacity.

V. CONCLUSION

Modern law enforcement technology has made great progress toward artificial intelligence-based criminal location and
objective observation detection systems [19]. These systems can spot suspicious activity, follow possible criminals, and
project criminal conduct with growing accuracy by combining machine learning algorithms, computer vision, and
predictive analytics. Although they provide strong instruments for public safety and criminal prevention, they also
generate important questions about civil liberties, privacy, and possible prejudice. Strong ethical frameworks, open
monitoring systems, and well defined legislative limits must accompany the ongoing development of new technologies
to guarantee they protect fundamental rights and liberties of all people while so serving justice [20].
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