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Smart environments increasingly rely on continuous sensing and artificial intelligence to
interpret human activity, anticipate needs, and automate decisions across homes, healthcare
facilities, workplaces, and public infrastructure. Although these capabilities can improve
safety, responsiveness, and efficiency, persistent data collection also enables behavioral
profiling, sensitive inference, secondary data use, and surveillance of individuals who
may have limited control over monitoring. This narrative review critically examines the
privacy—intelligence tension by integrating technical, empirical, behavioral, and governance
perspectives. It considers risks arising across the data lifecycle and evaluates the capabili-
ties and limitations of data minimization, edge computing, federated learning, differential
privacy, and cryptographic safeguards. The analysis highlights three recurring challenges:
privacy guarantees that address isolated threats rather than cumulative inference, incon-
sistent measures of privacy and system utility, and insufficient attention to institutional
power and the circumstances of affected individuals. It argues that privacy protection and
intelligent functionality are not inherently incompatible, but their reconciliation depends
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on proportional sensing, clearly defined purposes, realistic threat models, and accountable
deployment. To integrate these requirements, the review proposes a Context-Adaptive
Privacy-Intelligence Assurance Framework linking necessity assessment, purpose-limited

sensing, protected inference, context-sensitive action, and continuous oversight. The frame-
work offers an agenda for future empirical evaluation rather than a validated solution,
emphasizing longitudinal testing, bystander protection, and meaningful user control across
diverse settings and changing technological and institutional conditions.

1. Introduction

Smart environments are reshaping everyday spaces. Homes adjust lighting and temperature in response to occupancy; hospitals use connected
devices to monitor patients and detect deterioration; workplaces deploy sensors to manage buildings and assess activity; and cities draw on
distributed data to regulate traffic, energy use, and public services [1]. What connects these applications is their ability to respond without
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constant human input. Their appeal lies in convenience, efficiency, safety, and more timely decisions, especially where needs change rapidly
[2]

These capabilities depend increasingly on continuous sensing and machine-learning systems that convert environmental signals into
predictions and actions. Cameras, microphones, wearable devices, motion detectors, smart meters, and wireless signals provide different
views of human activity. When combined over time, such data can reveal patterns that are difficult to observe from isolated measurements
[3]. Yet the same analytical capacity that allows a system to recognize a fall, anticipate an occupant’s needs, or optimize resource use can
disclose routines, relationships, health-related characteristics, and periods of absence [4]. Privacy concerns therefore extend beyond the
unauthorized disclosure of personal records to information that algorithms can derive from apparently mundane observations.

This creates a fundamental tension in the design of smart environments. More data may improve an application’s responsiveness, but
greater collection is not always necessary or proportionate to the benefit achieved. The term “privacy paradox” is commonly used to describe
the gap between expressed privacy concerns and actual behavior; in continuously sensing environments, a related but distinct problem
concerns the dependence of intelligent services on data that individuals may be unable to meaningfully avoid sharing [5]. Visitors, patients,
employees, and household members may be monitored without comparable opportunities to understand or contest the process [6]. Treating
consent as a one-time decision overlooks these unequal circumstances and the changing uses of accumulated information.

Existing safeguards offer important, but incomplete, responses. Encryption, access controls, edge processing, federated learning, and
differential privacy address different sources of exposure, yet none alone determines whether sensing is justified, whether sensitive inferences
should be made, or who bears responsibility for harmful uses [7]. Technical evaluations also do not always capture lived experience,
institutional power, or the effects of long-term deployment [8]. Consequently, privacy protection risks being assessed as a property of an
algorithm rather than of the wider system in which it operates.

This review critically examines how continuous sensing generates privacy risks, what current privacy-preserving approaches can and
cannot achieve, and why their effectiveness varies across settings. By integrating technical evidence with behavioral and governance
perspectives, it proposes a context-adaptive privacy—intelligence assurance framework that links the necessity of sensing to protected
inference, meaningful human control, and ongoing accountability.

2. Review Approach and Analytical Scope

This article adopts a critical narrative review approach to examine the relationship between continuous sensing, privacy protection, and
intelligent decision-making in smart environments. Rather than attempting an exhaustive assessment of published research, the review draws
on relevant empirical investigations, technical studies, conceptual contributions, and policy literature to develop an integrated understanding
of the subject. Emphasis is placed on evidence that clarifies how sensing technologies create privacy risks, how protective mechanisms
operate in practice, and the conditions under which privacy and intelligent functionality can be reconciled.

The analysis is organized around five interconnected areas: the development of continuous sensing and ambient intelligence; privacy
risks arising from data collection and algorithmic inference; the capabilities and limitations of privacy-enhancing technologies; empirical
evidence concerning privacy, utility, and user trust; and the governance challenges associated with intelligent environments. Evidence from
residential, healthcare, workplace, and urban settings is considered to identify both shared challenges and context-specific differences.

Rather than describing individual studies in isolation, the review compares their underlying assumptions, methodological approaches,
reported findings, and limitations. Particular attention is given to differences between experimental evaluations and real-world applications,
the adequacy of privacy and performance measures, and inconsistencies in reported outcomes. These comparisons inform the identification
of unresolved questions and the development of a context-adaptive privacy—intelligence assurance framework. As a narrative synthesis
without systematic literature retrieval, the review does not claim comprehensive coverage or formal evidence grading. Its purpose is to
provide a theoretically informed, critically grounded interpretation of existing knowledge and identify priorities for future investigation.

3. Continuous Sensing and the Privacy Paradox

3.1. Evolution of Continuous Sensing and Ambient Intelligence

Conventional digital systems largely depend on deliberate human interaction, requiring users to enter commands, provide information,
or initiate specific actions. Smart environments represent a shift toward systems that continuously observe their surroundings, interpret
changing conditions, and respond with limited direct human involvement [9]. Through interconnected cameras, motion detectors, wearable
devices, microphones, and wireless sensors, these environments generate information that machine-learning models can use to recognize
activities, anticipate needs, and support automated decisions [10]. Intelligence consequently emerges not from individual devices alone but
from their ability to combine observations and respond to contextual changes.

The integration of multiple sensing technologies has expanded these capabilities. For example, combining movement patterns with
physiological measurements and environmental information may improve the detection of health-related changes or support more responsive
assisted-living services [11]. However, multimodal sensing also creates new privacy vulnerabilities. Information that appears harmless when
collected independently may reveal sensitive details about personal routines, health conditions, relationships, or behavior when analyzed
collectively [12]. Continuous observation further allows such inferences to develop over time, making the distinction between necessary
environmental awareness and excessive surveillance increasingly difficult to maintain.

3.2. Understanding the Privacy Paradox

The privacy paradox traditionally describes the apparent inconsistency between individuals’ expressed concerns about personal information
and their willingness to use technologies that collect it [13]. However, this relationship is more complex than a simple contradiction
between attitudes and behavior. Individuals may value privacy while accepting continuous monitoring because it offers convenience, safety,
accessibility, or personalized services [14]. Such decisions are influenced by trust in technology providers, awareness of data practices,
perceived benefits, and the availability of alternatives. In workplaces, healthcare facilities, and shared households, participation may be
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difficult to avoid, meaning that apparent acceptance does not necessarily indicate informed or voluntary agreement.

A related but distinct tension exists between intelligent functionality and privacy protection. Extensive sensing may improve contextual
understanding and predictive accuracy while increasing opportunities for sensitive inference and secondary data use. Nevertheless, greater
data collection does not invariably produce better intelligence. Carefully selected sensors, localized processing, and purpose-specific
analytical models may preserve useful functionality while reducing unnecessary exposure. The central challenge is therefore not simply
whether individuals are willing to exchange privacy for convenience, but whether intelligent systems can deliver meaningful benefits without
collecting or inferring more personal information than their intended purposes require.

3.3. Why Conventional Privacy Protection Is Insufficient?

Conventional privacy safeguards were largely developed for systems in which data collection occurs through identifiable interactions
and access can be restricted to authorized users. Their limitations become more apparent in continuously sensing environments, where
information is collected repeatedly and its future uses may be difficult to anticipate. Consent mechanisms often assume that individuals
understand the implications of data collection, yet complex processing practices and changing analytical capabilities make meaningful
consent difficult to sustain [15]. Anonymization offers protection against direct identification but may be undermined when longitudinal
observations are combined with other datasets or used to infer distinctive behavioral patterns [16]. Similarly, access controls restrict who
can retrieve information without necessarily limiting the sensitive conclusions that authorized systems can generate. These limitations
suggest that privacy cannot be adequately protected through isolated safeguards alone. Effective protection requires continuous assessment
of data necessity, inferential risks, and accountability throughout the information lifecycle. Figure 1 illustrates how continuous sensing
and data integration can simultaneously enhance intelligent functionality and increase privacy exposure, highlighting the need to balance
technological benefits with proportionate data collection and privacy protection.
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Figure 1: The Continuous Sensing—Intelligence—Privacy Paradox

This figure illustrates the central tension in smart environments between the functional benefits of continuous sensing and the privacy
risks it creates. Diverse sensing modalities, including cameras, microphones, wearables, motion sensors, Wi-Fi, and smart meters, generate
data that are integrated through fusion and analysis to support activity recognition, context interpretation, and prediction. These capabilities
enable important benefits such as personalization, safety, and efficiency, but they also increase the potential for behavioral profiling, sensitive
inference, secondary data use, and surveillance exposure. The figure highlights the core challenge addressed in this review: how to achieve
useful digital intelligence while ensuring that sensing remains proportionate, context-sensitive, and privacy-aware.

4. Privacy Risks Across the Smart-Environment Data Lifecycle

4.1. Data Collection, Behavioral Profiling, and Inferential Privacy

Smart environments collect information that is often more revealing than its original purpose suggests. Cameras and microphones can
capture identifiable faces and voices, while wearable devices and location sensors produce records of movement, physiological activity,
and proximity to other people. Even systems designed to avoid direct identifiers may disclose sensitive characteristics [17]. Changes in
household electricity consumption, patterns of wireless-signal disturbance, or repeated room occupancy can indicate sleeping routines,
working hours, or periods when someone is away [4]. The privacy implications therefore depend not only on the type of sensor but also on
the analytical questions applied to its outputs.

Artificial intelligence intensifies this concern by turning observations into classifications and predictions. Activity-recognition models
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may distinguish everyday movements, but similar techniques can also be used to estimate health status, infer relationships, or monitor habits
that individuals have not chosen to disclose [3]. These inferences need not be correct to cause harm: inaccurate labels may influence service
provision, employment judgments, or perceptions of personal risk. Meanwhile, accurate inferences can reveal highly private information
even when the underlying measurements are not conventionally categorized as sensitive [18].

Combining data introduces an additional problem. Records that provide little identifying information individually may become distinctive
when linked across devices, places, and time. Re-identification is particularly difficult to prevent when movement traces or behavioral
routines remain sufficiently unique [19]. Removing names or replacing device identifiers does not necessarily eliminate these linkages [20].
Privacy assessments focused only on whether raw data contain explicit personal identifiers may therefore overlook the more consequential
question of what a system can learn, infer, and act upon. Effective risk assessment must consider plausible inference pathways, who can
exploit them, and the consequences of both correct and erroneous predictions.

4.2. Persistent Surveillance, Secondary Data Use, and Third-Party Exposure

The persistence of sensor data changes privacy exposure from a single collection event into an accumulating condition. Longitudinal records
allow systems to recognize changes and improve predictions, but they also preserve detailed accounts of everyday life. When previously
separate sources are linked, the resulting profiles may disclose patterns that were invisible within any one dataset. Information originally
collected for safety, comfort, or maintenance can subsequently be repurposed for productivity monitoring, targeted advertising, insurance
decisions, or other uses outside the expectations of affected individuals [21]. This function creep may occur without a new sensor being
installed or an obvious change in how the environment operates [22].

Exposure also extends beyond the person who purchases or formally uses a device. Visitors may enter monitored rooms without noticing
active sensors; household members may disagree about acceptable recording; patients may depend on monitoring for care; and employees
may face practical penalties for declining workplace surveillance [6]. These situations complicate appeals to notice and consent, especially
when monitoring is built into essential services or shared spaces [23]. The ethical concern is not simply whether information is protected
from outsiders, but whether people subject to sensing have a meaningful opportunity to question its necessity, restrict its use, or seek redress.

Protecting privacy across this lifecycle requires more than secure storage and controlled access. Collection should be limited to defined
purposes, processing should be evaluated for unintended inferences, and sharing arrangements should prohibit incompatible secondary uses.
Retention periods, deletion practices, auditability, and accountability for model outputs require comparable scrutiny. Deleting a raw record
does not automatically erase information incorporated into derived profiles or trained models, so disposal policies must address downstream
artefacts as well. The appropriate standard is not the elimination of every risk, which may be unrealistic, but defensible limits on what is
observed, retained, inferred, and acted upon.

5. Privacy-Preserving Digital Intelligence: Capabilities and Limitations

5.1. Data Minimization, Edge Computing, and Local Intelligence

Data minimization offers a fundamental approach to privacy protection by restricting information collection to what is necessary for a defined
purpose [24]. In smart environments, this may involve reducing sensor resolution, limiting monitoring periods, extracting only relevant
features, or replacing identifiable recordings with less revealing measurements [25]. Such measures can reduce exposure before information
enters storage or analytical systems. However, their effectiveness depends on whether the remaining data are genuinely sufficient for the
intended task without enabling unintended inferences.

Edge computing extends this principle by processing information near its point of collection rather than routinely transmitting raw
data to centralized servers [26]. For example, a home-monitoring system may identify unusual movement patterns locally and transmit
only an alert when intervention is required. This architecture can reduce network dependence, communication delays, and exposure during
data transmission [27]. Nevertheless, local processing does not automatically guarantee privacy. Compromised devices, insecure software,
retained sensor records, and revealing model outputs may still expose personal information.

Practical implementation also involves trade-offs. Resource-constrained devices may struggle to support computationally demanding
models, while simplified algorithms or reduced sensing resolution can compromise accuracy in complex environments. Local processing
may also limit opportunities to combine information across devices when broader contextual interpretation is necessary. Importantly, even
minimal data can disclose sensitive characteristics when analyzed repeatedly or combined with other observations. Consequently, data
minimization and edge intelligence are valuable preventive measures, but their effectiveness must be evaluated against specific inference
risks, operational requirements, and the consequences of reduced analytical performance.

5.2. Federated Learning and Decentralized AI

Federated learning offers an alternative to conventional centralized machine learning by allowing multiple devices or institutions to train
a shared model without transferring their raw datasets to a common repository [28]. In smart environments, this approach can support
collaborative intelligence across households, healthcare facilities, and connected devices while reducing the need to concentrate sensitive
information [7]. Its principal advantage is that data remain under local control during training, although this architectural separation should
not be mistaken for a guarantee of privacy.

Experimental research has demonstrated that information about training data can sometimes be reconstructed or inferred from exchanged
model updates [29]. Gradient inversion attacks may reveal characteristics of local training examples, while membership inference attacks
can indicate whether particular records contributed to model development [30]. These vulnerabilities depend on factors such as model
architecture, adversarial access, training procedures, and the safeguards employed. Consequently, the privacy benefits of federated learning
vary considerably across implementations.

Practical deployment introduces further difficulties. Devices differ in processing capacity, connectivity, and available training data,
creating computational and communication burdens. Differences in local data distributions may also reduce model performance or produce
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uneven accuracy across participating environments [31]. Repeated model updates can increase communication costs, particularly in
resource-constrained sensor networks. Although techniques such as secure aggregation can reduce certain disclosure risks, they do not
address every vulnerability [32]. Federated learning therefore represents a useful architectural strategy rather than a complete privacy
solution, requiring complementary safeguards and evaluation under realistic operating conditions.

5.3. Differential Privacy and Cryptographic Safeguards

Differential privacy and cryptographic techniques provide complementary approaches to protecting sensitive information during intelligent
data processing. Differential privacy introduces carefully calibrated randomness into analytical outputs or learning procedures, limiting
how much the participation of an individual record can influence disclosed results. Unlike conventional anonymization, it offers a formal
privacy guarantee under specified assumptions [33]. However, the strength of this protection depends on the privacy budget, sensitivity of the
analysis, and cumulative effects of repeated queries. Stronger privacy guarantees may reduce statistical accuracy or predictive performance,
particularly when datasets are small or contain underrepresented populations [34]

Table 1: Comparative Evaluation of Privacy-Preserving Technologies in Smart Environments

Technology Privacy Application Strengths Limitations Residual
mechanism privacy risks
Data Restricts data Smart homes, Reduces May restrict analytical Sensitive inferences
minimization collection to healthcare , unnecessary detail and predictive remain possible from
information monitoring collection, storage, accuracy limited data
necessary for occupancy and exposure [24]
specific purposes  detection
Edge computing  Processes Wearables, Reduces raw-data Limited computational Device compromise,
and local sensor data assisted living, transmission, resources, local data leakage,
intelligence locally intelligent network dependence, maintenance challenges, revealing outputs
rather than buildings and latency device heterogeneity [26]
routinely
transmitting
raw
information
Federated Trains shared Distributed Reduces Communication Gradient inversion,
learning models using healthcare, centralized overhead, membership inference,
decentralized smart homes, data collection; heterogeneous data, model-update leakage
datasets and IoT networks supports uneven model [7]
exchanged collaborative performance
model updates learning
Differential Introduces Behavioral Offers Privacy-utility Information leakage
privacy calibrated analytics, mathematically trade-offs, permitted within
randomness statistical defined privacy privacy-budget the chosen privacy
to limit reporting, guarantees under management, guarantee
disclosure about collaborative specified accuracy concerns [33]
individual records Al assumptions
Secure Combines Federated Protects Protocol complexity, Leakage through
aggregation participants’ learning, individual communication aggregated outputs
contributions distributed contributions costs, or compromised
without revealing  sensor networks during participant dropout endpoints
individual aggregation [32]
updates to the
aggregator
Homomorphic Enables Encrypted cloud Protects High computational Output inference,
encryption supported analytics, data during costs, endpoint compromise,
computations remote health outsourced implementation unprotected
directly on monitoring computation complexity, scalability metadata
encrypted data challenges [35]
Secure Enables joint Cross-institutional ~ Supports Communication Output leakage,
multiparty computation analytics, confidential demands, collusion beyond
computation without directly collaborative computation protocol complexity, assumed threat
revealing each healthcare across deployment costs models,
participant’s multiple parties implementation
private inputs vulnerabilities
[36]

Note: IoT = Internet of Things. The comparative strengths and limitations are context-dependent. Privacy guarantees
vary according to implementation, adversarial assumptions, system architecture, and operational conditions.

Cryptographic approaches address different vulnerabilities. Secure aggregation allows participating devices to contribute model updates
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without exposing individual contributions to the coordinating server. Homomorphic encryption enables selected computations on encrypted
information, while secure multiparty computation permits several parties to jointly evaluate functions without directly revealing their private
inputs [35]. These techniques can reduce exposure during collaborative processing but introduce practical challenges involving computational
overhead, communication demands, implementation complexity, and scalability [36]. Furthermore, protecting intermediate information does
not necessarily prevent sensitive conclusions from being inferred through legitimate model outputs.

The broader evidence suggests that privacy-preserving intelligence cannot be achieved simply by selecting a technically sophisticated
safeguard. Different mechanisms protect against different threats, and their effectiveness depends on system architecture, adversarial
capabilities, deployment conditions, and acceptable performance costs. Combining data minimization, local processing, decentralized
learning, and formal privacy protections may provide stronger safeguards, but integration also introduces operational complexity. Privacy
protection must therefore be evaluated across the entire sensing and analytical process rather than inferred from the presence of individual
technologies. The principal privacy-preserving approaches differ in the information they protect, the threats they address, and the practical
constraints they introduce. Table 1 compares these technologies in terms of their operating mechanisms, applications, advantages, limitations,
and residual privacy risks, highlighting why no single approach provides comprehensive protection in continuously sensing environments.

6. Reconciling Privacy, Utility, and Trust: Critical Evidence Synthesis

6.1. Empirical Evidence on Privacy-Ultility Trade-offs

Empirical research increasingly challenges the assumption that stronger privacy protection necessarily requires substantial sacrifices in
intelligent-system performance. Experimental evaluations of federated learning for human activity recognition demonstrate that decentralized
training can support accurate classification without transferring raw sensor records to a central repository [31]. However, performance
varies with model architecture, aggregation strategy, and computational resources. Similarly, local processing and selective data collection
can reduce information exposure while preserving useful functionality for defined tasks [37]. These findings suggest that privacy and
utility are not inherently opposing objectives; their relationship depends on system design, the information required for prediction, and how
performance is measured.

Nevertheless, preserving predictive accuracy does not establish that a system adequately protects privacy. Some technical evaluations
treat the absence of centralized raw-data storage as evidence of privacy preservation without directly examining information leakage through
model updates or outputs. Others report performance under controlled conditions that may not reflect the variability of occupied homes,
healthcare facilities, or workplaces. Consequently, favorable experimental results should be interpreted as evidence of technical feasibility
rather than comprehensive privacy assurance.

Research involving smart-environment users reveals another important dimension. Studies examining household monitoring, device
preferences, and bystander experiences indicate that willingness to share information depends on its purpose, the intended recipient,
perceived benefits, and opportunities for control [38]. Participants may accept limited activity monitoring for safety while expressing stronger
reservations about audio recording or unrestricted secondary use. Preferences can also differ between device owners and visitors, particularly
when those exposed to monitoring have little influence over device settings [39].

Taken together, these findings suggest that trust cannot be inferred solely from technology adoption or reported satisfaction. It depends
partly on whether individuals understand what information is collected, consider its use legitimate, and possess meaningful control
over subsequent processing. The most promising approaches therefore combine technical safeguards with clearly defined purposes and
context-sensitive participation mechanisms.

6.2. Explaining Contradictions and Methodological Weaknesses

Differences in reported privacy—utility outcomes partly reflect variations in what researchers define and measure as privacy [40]. Technical
studies commonly evaluate classification accuracy, processing time, communication costs, or formal privacy guarantees, whereas behavioral
investigations assess perceived risk, trust, willingness to disclose information, and acceptance of monitoring [5]. These outcomes address
different questions and cannot be treated as interchangeable. A system may achieve strong predictive performance under a specified privacy
mechanism while remaining unacceptable to users because of its surveillance capabilities or limited transparency.

Methodological differences further complicate comparisons. Laboratory experiments frequently rely on benchmark datasets, simulated
participants, or controlled sensing conditions that simplify the complexity of everyday environments. Such designs allow reproducible
comparisons but may underestimate challenges associated with irregular device connectivity, changing household routines, multiple occupants,
and diverse user characteristics. Small or homogeneous samples also restrict generalizability, particularly when privacy expectations differ
across cultural, institutional, and socioeconomic contexts. Conversely, surveys and hypothetical scenarios provide insight into stated
preferences but cannot reliably establish how individuals will respond to continuous monitoring over extended periods.

The evaluation of privacy-preserving technologies presents additional weaknesses. Studies may compare predictive accuracy while
applying different threat models, privacy budgets, or assumptions about adversarial access [41]. Some examine resistance to specific
attacks without establishing protection against other plausible forms of inference [29]. Short observation periods may also overlook
cumulative privacy exposure, changes in user behavior, and the consequences of linking information across devices. Accordingly, apparently
contradictory findings may reflect differences in evaluation conditions rather than genuine disagreement about a technology’s effectiveness.

These limitations expose a broader gap between technical feasibility and demonstrated protection in operational settings. Future
evaluations must examine privacy leakage, predictive utility, computational demands, and user experience together, preferably through
longitudinal deployments involving realistic threats and diverse participants. Standardized reporting of privacy assumptions and performance
measures would improve comparisons without obscuring contextual differences. Most importantly, claims of privacy preservation should be
supported by evidence about what information remains inferable, who can access it, and how affected individuals experience the system. Such
evidence is essential for determining whether privacy-enhancing approaches deliver meaningful protection beyond controlled experimental
environments. The empirical literature provides important evidence that privacy protection and intelligent-system performance do not always
require an absolute trade-off. However, the outcomes of privacy-enhancing interventions vary according to sensing modality, analytical
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methods, deployment conditions, and the measures used to assess privacy and utility. Table 2 synthesizes selected empirical investigations,
highlighting their principal findings and methodological limitations.

Table 2: Empirical Evidence on Privacy-Utility Trade-offs in Smart Environments

Study Setting Methodology Privacy intervention Principal finding Evidence limitation
Study Setting Methodology Privacy intervention Principal finding Evidence limitation
Malekzadeh Wearable Experimental Autoencoder-based Reduced sensitive Benchmark
et al. [25] sensing evaluation sensor-data inferences and evaluations do not
and activity using sensor- transformations re-identification establish long-term
recognition based activity risks while effectiveness in
and gesture maintaining deployed
recognition activity-recognition environments [25]
datasets performance
with relatively
small accuracy
losses
Ek et al. [31] Smartphone- Comparative Decentralized Demonstrated Results depend
based evaluation of model training the feasibility of on evaluated
human activity federated- federated approaches  algorithms,
recognition learning for activity data distributions,
algorithms recognition, while and experimental
identifying conditions [31]
performance and
implementation
trade-offs
Alshehri Smart homes Interactive Negotiation of Owners and Simulated negotiations
et al. [39] and bystander negotiation device bystanders with digital agents
privacy study data-collection, demonstrated may not reflect
involving 460 storage, and different willingness  actual household
participants sharing to compromise, behavior [39]
preferences revealing tensions

between device
utility and privacy
preferences

Shietal. [17]

Wi-Fi sensing
and behavioral
inference

Deep-learning
experiments
using two
public Wi-Fi
sensing datasets

Privacy-leakage
assessment;

no protective
intervention
tested

Demonstrated
that Wi-Fi sensing
signals could
reveal private

attributes, including

Dataset-specific
results do not
establish equivalent
inference accuracy
across real-world

gender, height, settings
and weight [17]
Stirapongsasuti Smart-home Experimental Rényi differential Reduced person- Evaluation relied
etal. [37] activity comparison using  privacy and identification on benchmark
monitoring two smart-home feature-merging accuracy while datasets and

datasets

anonymization

retaining relatively
high activity-

recognition accuracy

selected privacy and
utility measures [37]

Cardell-Oliver
and
Carter-Turner [41]

Smart water-meter
monitoring

Experimental
evaluation using
real-world and

Activity-aware
data protection
and temporal-

Privacy-utility
outcomes varied
substantially with

Findings are
specific to
water-meter

synthetic water- resolution activity type, data and the

consumption adjustments sampling resolution,  evaluated

datasets and population size disclosure
scenarios [41]

Frik et al. [38] Smart homes, Contextual Evaluation of Data recipients, Hypothetical scenarios
shared housing, vignette privacy preferences sharing purposes, and US-based sampling
and short-term survey across different and information limit conclusions
accommodation involving 761 US  information- types significantly about actual behavior

participants sharing scenarios influenced privacy and wider

judgments

applicability [38]

Note: The table includes both evaluations of technical privacy-preserving mechanisms and empirical investigations of privacy risks or user
preferences. These study types provide complementary evidence but should not be interpreted as measuring the same outcomes.
The findings reflect the specific datasets, participants, methods, and assumptions used in each investigation.
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7. Contextual Differences and Unequal Privacy Consequences

Privacy risks in smart environments cannot be assessed independently of where sensing occurs, who controls it, and what individuals stand to
lose by refusing participation. In private homes, connected devices may support convenience, security, and independent living, yet decisions
about installation and data sharing are rarely made by everyone exposed to them [15]. A resident who values voice-controlled assistance may
have different expectations from a visiting relative or domestic worker [38]. Device-level permission settings offer limited protection when
the person granting permission is not the only person being monitored.

Healthcare facilities introduce different responsibilities. Continuous monitoring can help clinicians detect deterioration and respond
promptly [11], but patients may have little practical opportunity to decline surveillance without affecting their care. Safeguards must therefore
address clinical necessity, access to sensitive inferences, retention, and accountability for secondary use, rather than relying principally on
nominal consent. In assisted-living settings, movement and activity sensing may promote safety and independence while also exposing
intimate routines [42]. An approach that maximizes detection sensitivity may be unacceptable if it results in constant observation or removes
residents’ ability to determine when privacy matters most.

Workplaces and smart cities further complicate the meaning of choice. Employers may justify occupancy, location, or productivity
monitoring as necessary for operational efficiency, although employees can face unequal bargaining power and uncertainty about how data
influence managerial decisions [21]. In urban settings, cameras and networked sensors can collect information about people who neither
sought a service nor received meaningful notice [1]. Public benefits do not eliminate obligations to limit collection, restrict repurposing, and
scrutinize discriminatory or disproportionate impacts.

Privacy consequences also differ across populations, without following simple demographic categories. Some older adults may prioritize
emergency detection, whereas others may reject monitoring that compromises independence. Individuals with disabilities may benefit from
adaptive sensing while facing additional risks if systems misinterpret their behavior. Children often have limited influence over decisions
made by caregivers or institutions, and bystanders may be captured without any direct relationship with the system operator. These concerns
intersect with income, digital literacy, institutional dependence, and access to effective remedies. They should not be taken to imply that
members of any group share a uniform preference or level of vulnerability.

Universal privacy settings cannot adequately respond to these competing interests. Effective design requires a context-specific assessment
of necessity, authority, exposure, and likely harm, together with options for proportional sensing, understandable controls, independent
oversight, and contesting consequential inferences. The relevant question is not simply whether a technology can protect data, but whether
its deployment protects the people whose lives it renders observable.

8. Toward Context-Adaptive Privacy-Preserving Digital Intelligence

8.1. Conceptual Foundations for Integrating Privacy and Intelligence

The preceding analysis demonstrates that privacy protection in smart environments remains fragmented across technological, behavioral, and
institutional dimensions. Existing approaches primarily address particular vulnerabilities, such as unauthorized data access, centralized
storage, or information leakage during computation. Although these safeguards can reduce specific risks, they rarely establish whether
continuous monitoring is necessary, whether algorithmic inferences are appropriate, or whether affected individuals possess meaningful
control over their information. This fragmentation limits the effectiveness of privacy protection when intelligent systems operate across
interconnected devices, institutions, and social contexts.

A more comprehensive approach must recognize that privacy and intelligent functionality are shaped by decisions throughout the system
lifecycle. The necessity of collecting particular information should be assessed before sensing begins, while analytical procedures should
be evaluated for both intended functionality and unintended disclosure. Privacy protection must also account for contextual differences.
Monitoring practices considered proportionate in emergency healthcare may be inappropriate in domestic or workplace settings, even when
similar technologies are involved. Consequently, technical performance alone cannot determine whether an intelligent system is responsibly
designed.

These considerations support an integrated model in which data necessity, inferential risk, contextual sensitivity, individual agency, and
institutional accountability operate as interconnected requirements. Rather than treating privacy as a constraint introduced after system
development, this approach incorporates protection into decisions about what information is collected, how intelligence is generated, and
which actions are permitted. It also recognizes the need for ongoing reassessment as technologies, purposes, and user circumstances change.
To translate these principles into a coherent approach, Figure 2 presents the proposed Context-Adaptive Privacy—Intelligence Assurance
Framework. The framework integrates five interconnected stages of privacy protection and intelligent-system operation, supported by
continuous feedback, cross-cutting governance principles, and measurable evaluation criteria.

The framework illustrates a five-stage approach to integrating privacy protection into the design and operation of intelligent smart
environments. The stages encompass context and necessity assessment, purpose-limited sensing and data minimization, privacy-enhanced
processing and inference, context-sensitive access and intelligent action, and audit, accountability, and adaptive safeguards. Data necessity,
individual agency, contextual sensitivity, and institutional accountability operate as cross-cutting principles. A continuous feedback
loop supports reassessment and adaptation, while evaluation criteria address privacy leakage, system utility, fairness, computational
feasibility, contextual appropriateness, and user control. The framework is conceptual and requires empirical validation across different
smart-environment settings.

9. Governance Implications and Future Research Priorities

9.1. Implications for Responsible Smart-Environment Governance

Privacy-preserving technologies cannot substitute for effective governance of how intelligent systems are designed, deployed, and used.
Privacy-by-design provides a starting point by requiring organizations to consider data necessity, proportionality, and foreseeable harms
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Figure 2: Context-Adaptive Privacy—Intelligence Assurance Framework

before monitoring begins [8]. Data protection impact assessments can further identify risks associated with continuous sensing, automated
inference, and secondary information use [43]. However, these processes offer limited protection when treated as administrative requirements
rather than mechanisms for influencing system design and operational decisions.

Responsible governance requires transparent explanations of sensing purposes, clearly assigned institutional responsibilities, enforceable
restrictions on data use, and accessible procedures for challenging consequential decisions. Where applicable, individuals should be able
to exercise rights concerning access, correction, objection, and deletion. These protections are particularly important in healthcare and
workplaces, where dependence on services or unequal bargaining power may undermine meaningful consent. Independent oversight and
periodic reassessment are therefore necessary to ensure that technological safeguards remain effective as institutional practices and analytical
capabilities evolve.

9.2. Priority Directions for Future Research

The most pressing research challenge is determining whether privacy-preserving approaches remain effective beyond controlled experimental
conditions. Longitudinal studies in occupied homes, healthcare facilities, and workplaces are needed to examine changing privacy risks,
system performance, and user experiences over time. Such investigations should evaluate not only predictive accuracy but also information
leakage, computational demands, and unintended consequences.

A second priority concerns the absence of sufficiently comparable evaluation methods. Standardized privacy—utility benchmarks should
specify adversarial assumptions, data characteristics, privacy parameters, and performance outcomes while remaining sensitive to contextual
differences. Research must also investigate how multimodal sensing enables sensitive inferences that cannot be anticipated from individual
data sources.

Finally, greater attention is needed to bystander privacy, contextual consent, and unequal access to protective technologies. Participatory
studies involving diverse users and non-users could clarify how privacy preferences differ under conditions of limited choice. Field
experiments and independently audited deployments should test whether adaptive safeguards meaningfully reduce exposure without
compromising essential functionality. Together, these approaches would provide the empirical foundation needed to assess and refine the
proposed framework.

10. Conclusion

Continuous sensing has expanded the capacity of smart environments to anticipate needs, support timely decisions, and automate services.
Yet the same data streams can expose personal routines, enable sensitive inferences, and extend surveillance beyond those who knowingly
participate. This review demonstrates that privacy and intelligent functionality are not necessarily incompatible; their relationship depends
on system design, contextual requirements, threat models, and governance arrangements. Data minimization, edge computing, federated
learning, differential privacy, and cryptographic safeguards can reduce specific vulnerabilities, but none independently resolves concerns
about proportionality, secondary data use, or institutional accountability.

The proposed context-adaptive privacy—intelligence assurance framework integrates these considerations across sensing, processing, ac-
cess, and continuous oversight. Its practical value requires empirical validation through longitudinal deployments, comparable privacy—utility
assessments, and evaluations involving diverse affected populations. Ultimately, progress in smart environments should be judged not only
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by the sophistication of their sensing and predictive capabilities but also by their ability to protect personal privacy, preserve individual
autonomy, and ensure accountability for how digital intelligence is developed and used.
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