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Abstract 
Protecting personal data in ubiquitous smart environments is 

crucial to ensure user privacy and trust in artificial intelligence (AI) 

applications. This paper explores approaches and techniques for 

designing privacy-aware and respectful AI applications where the 

balance between technological innovation and data protection is 

essential to ensure these technologies' ethical and sustainable 

adoption. 
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1 Introduction 
In the present digital era, smart environments are no longer just a 

futuristic idea but a reality. These surroundings, ranging from 

automated homes to intelligent transportation systems, have the 

potential to enhance our daily lives significantly [6, 7, 13, 25]. 

However, this technological advancement also poses significant 

challenges in ensuring privacy and protecting personal data. 

Integrating AI into daily life can be seen in smart home 

devices. These devices learn the user's behavior patterns, leading to 

the optimization of functions such as energy efficiency [2]. 

Similarly, intelligent transportation systems utilize real-time data to 

improve urban mobility and adapt to individual needs and 

preferences [17]. However, the collection of personal data by these 

systems raises significant concerns. For instance, home voice 

assistants may record private conversations [9], and health tracking 

devices collect sensitive personal information about the user's 

physical and medical condition [29]. 

The scenarios mentioned above illustrate the difficulties that 

exist about privacy and security. Data breaches on smart devices 

serve as a reminder of the associated risks that come with improper 

handling of sensitive personal information. In addition, users need 

to be better informed and give their consent on how their data is 

collected, stored, and used. Many users should be aware of their 

devices' privacy policies and understand the extent of the consent 

they are granting. 

These challenges regarding the risks of AI extend beyond the 

surface level. These issues have deep ethical and social 

implications. Widespread technological surveillance has the 

potential to impact human behavior significantly, and insufficient 

privacy management can lead to a loss of trust in technology, 

affecting its adoption and overall perception. 

Given this context, this paper delves into the proactive design 

of AI applications in smart environments to ensure personal data 

protection awareness. We aim to examine existing challenges and 

suggest practical solutions that strike a balance between AI 

technological advancements and users' privacy and security. 

2 Privacy challenges in ubiquitous smart 

environments 
Ubiquitous intelligent environments have intrinsic characteristics 

predisposing them to privacy and data protection issues. To fully 

comprehend the nature and magnitude of these challenges, it is 

essential to delve into their particularities. Next, we describe the 

primary challenges (see Figure 1) that such environments face. 

 

Figure 1. Smart environments privacy challenges. 

2.1 Constant data collection 
Smart environments are equipped with sensors and devices that 

collect data at a high level of detail [33]. For instance, a motion 

sensor in a smart home can detect an individual's presence and track 

specific movement patterns and daily routines. This ongoing data 
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collection can generate susceptible and personal information, such 

as audio recordings of conversations and precise biometric data 

[12].  

The continual nature of this data collection can lead to the 

creation of comprehensive user profiles, potentially infringing upon 

their privacy by revealing intimate details of their daily lives. 

2.2 Data dispersion 
Nowadays, data is being collected from various devices, which 

leads to storing it in multiple and different locations. The locations 

can range from internal servers to external cloud infrastructures [3]. 

This fragmentation makes managing the data complex, 

increasing the risk of potential security breaches [30]. For instance, 

the synchronization of data across different platforms can result in 

difficulties in tracking and controlling data access, raising concerns 

about unauthorized use or exposure. 

Furthermore, there are often different standards or protocols 

used due to the multiplicity of devices and operating systems in a 

ubiquitous context, thus creating possible gaps or overlaps in 

information protection. 

2.3 Interconnection 
Interconnectedness is a crucial characteristic of these 

environments, paradoxically expanding the possibility of attacks 

[10]. If intruders compromise a single device, they could gain 

access to the core system, compromising its integrity.  

The constant data exchange between devices multiplies the 

opportunities for interceptions or manipulations of transmissions. 

The lack of standardized security protocols across diverse devices 

and systems creates additional vulnerabilities in the network [4]. 

Additionally, these systems rely on connectivity, which means 

that any interruption or weakness in the network could endanger 

the operation and the security and confidentiality of the 

information. 

2.4 Lack of user awareness 
Users typically have a passive attitude toward interacting with 

digital environments [22]. It means they often need to be constantly 

informed about the amount and nature of data being collected about 

them. The complexity and lack of clarity in privacy policies and 

terms of service contribute significantly to this unawareness [20]. 

Additionally, many devices are released to the market with 

default privacy settings that only sometimes prioritize maximum 

security and privacy. This reality, combined with a lack of 

awareness, can lead users to fail the need to customize these 

settings to protect their personal data adequately [31]. 

Table 1 provides a concise overview of the main challenges 

emerging in personal data protection within ubiquitous smart 

environments, describing their implications and proposing viable 

solutions. 

Table 1. Main challenges in personal data protection. 

Challenge Description Solutions 

Constant data 

collection 

Devices 

continuously 

gather data, 

potentially 

invading 

privacy by 

revealing 

personal 

details. 

Implement strict data 

minimization principles 

and user consent 

mechanisms. 

Challenge Description Solutions 

Data dispersion Data is spread 

across various 

devices and 

locations, 

complicating 

management 

and increasing 

breach risks. 

Develop unified data 

management systems 

with strong encryption 

and access controls. 

Interconnection Devices are 

interconnected, 

expanding 

attack surfaces 

and 

complicating 

data security. 

Standardize security 

protocols across devices 

to prevent unauthorized 

access. 

Lack of user 

awareness 

Users are often 

unaware of the 

extent of data 

collection, 

leading to 

potential 

privacy risks. 

Increase transparency and 

user control over data, 

and enhance privacy 

settings. 

 

Ubiquitous smart environments undoubtedly have immense 

potential to enhance our quality of life and operational efficiency. 

However, they also pose significant data protection and privacy 

challenges. A comprehensive approach is necessary to overcome 

these challenges, including data protection-aware design, the 

implementation of rigorous standards, and user education focusing 

on security and privacy. 

3 Data protection-aware design 
In the contemporary era of ubiquitous intelligent environments, 

designing AI applications that primarily consider personal data 

privacy is imperative to safeguard the rights and dignity of users. 

In this context, it is crucial to outline various strategies to achieve 

a genuinely privacy-friendly design. 

3.1 Data minimization 
It is essential to selectively collect data, meaning you should only 

collect some of the data you can access [28]. For example, an 

application designed to control the lighting of a room does not need 

access to audio recordings. The concept of privacy by design [27] 

emphasizes the importance of collecting only the necessary data for 

a defined purpose. In addition, it is crucial to consider how long 

you retain the data. Keeping information beyond its usefulness can 

increase the risk of exposure. Therefore, implementing explicit 

retention policies and ensuring timely deletion of obsolete data is 

essential to minimize vulnerability. 

3.2 Depersonalization (anonymity) 
Data should be depersonalized by deleting or modifying personal 

identifiers to protect privacy [24]. It ensures that the collected 

information cannot be traced back to a specific individual. 

Aggregating the data enables general conclusions to be drawn, 

which dilutes specific details and safeguard individual identity. 

3.3 Active consent 
Being transparent about data collection is crucial. Users must be 

fully informed about what data is being collected, why it is being 
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collected, and how long it will be stored [19]. The communication 

about data collection should be transparent and accessible. An opt-

in approach is the best way to collect data, where users can consent 

to collect specific information [5]. It is also important to 

periodically review and revalidate user consent, especially when 

the data's nature or purpose changes. 

3.4 User control 
It is of utmost importance to give users direct control over their data 

[11]. It can be achieved by providing them with tools to access, 

correct, and delete their personal information. The interface for 

these tools must be user-friendly and intuitive. Furthermore, it is 

essential to offer personalized configuration options, giving users 

the autonomy to determine the privacy parameters that best suit 

their preferences [23]. In addition, the service providers are 

responsible for keeping users informed about any events related to 

their data, such as potential data breaches or modifications to 

privacy policies. 

Table 2 shows how each challenge can be solved using design 

techniques with data protection awareness. 

Table 2. Design techniques solutions to challenges. 

Challenge Design techniques 

Constant data 

collection 

Data Minimization; 

Depersonalization (Anonymity). 

Data dispersion Data Minimization; Active Consent. 

Interconnection User Control; Active Consent. 

Lack of user 

awareness 

Depersonalization (Anonymity); 

User Control. 

Privacy cannot be considered a mere addition when designing 

applications for ubiquitous smart environments. It must be at the 

core of the design process. This approach guarantees that users' data 

is protected and valued beyond the tangible benefits of technology. 

A strong emphasis on privacy is essential to build trust and ensure 

the durability of these groundbreaking technological advances. 

4 AI techniques for personal data protection-

awareness 
AI poses a unique challenge regarding personal data protection 

[16]. Since AI algorithms require large datasets for training and 

inference, it becomes essential to reconsider traditional privacy 

practices [21]. However, several techniques have emerged as 

promising solutions to this issue. These techniques focus on 

balancing the data processing requirements of AI while ensuring 

that privacy concerns are addressed. 

4.1 Differentially private learning 
Differentially private learning involves adding controlled noise to 

data before processing it [8]. This technique ensures that the results 

of machine learning models or any derived conclusions do not 

reveal specific information about individual records, thus 

maintaining their privacy [37]. The advantage of this method is that 

it allows entities to create AI models without directly accessing the 

original data, thus protecting individual privacy [35]. However, 

balancing the amount of noise introduced and the model's 

performance can be challenging. If too much noise is added, it 

could reduce the model's accuracy. 

 

4.2 Federated learning 
Federated learning proposes a decentralized approach to the 

training process [14]. Instead of centralizing data to a single point, 

this methodology allows models to be trained directly on the user's 

device. Only model updates, not the data, are sent to the central 

server. This approach ensures that personal data remains on the 

user's device, thus minimizing the risks associated with 

transmitting or storing information on central servers [26]. 

However, this process requires more advanced algorithms and can 

face efficiency challenges, particularly when synchronizing models 

between different devices [18]. 

Regarding data processing and privacy, there are significant 

differences between federated and centralized learning. Federated 

learning processes data directly on the user's device, while 

centralized learning relies on consolidating data at a central server. 

With federated learning, data remains on the user's device, resulting 

in higher privacy. In contrast, centralized learning poses a greater 

risk to data privacy due to data centralization. However, while 

centralized learning is often more efficient due to the use of 

powerful centralized servers, federated learning may be less 

efficient due to the limitations of individual devices. For a more 

comprehensive comparison between the two approaches, please 

refer to Table 3. 

Federated learning offers higher data security as it reduces the 

need for data transmission instead of centralized learning, which 

increases the risk associated with transmitting large amounts of 

data. Additionally, federated learning algorithms tend to be more 

complex, requiring synchronization across multiple devices, while 

centralized learning is less complex because of its centralized 

control. The table below illustrates the trade-offs between these 

approaches regarding data handling, privacy, efficiency, security, 

and algorithmic complexity. 

 

Table 3. Comparison federated vs centralized learning. 

Aspect Federated learning Centralized 

learning 

Data location User’s device Central server 

Privacy Higher (data 

remains on device) 

Lower (data 

centralized) 

Efficiency Can be lower due to 

device limitations 

Typically, higher 

(powerful 

centralized servers) 

Data security Higher (reduced 

data transmission) 

Lower (increased 

data transmission) 

Algorithm 

complexity 

More complex 

(requires 

synchronization) 

Less complex 

(centralized control) 

4.3 Homomorphic encryption 
Homomorphic encryption [36] is a cutting-edge technique that 

enables operations to be carried out on encrypted data without 

requiring it to be decrypted first. This approach has great potential 

in AI, as it could allow models to analyze and make predictions on 

encrypted data without compromising its privacy [1]. This 

methodology reduces the chances of data breaches and ensures 

higher security by eliminating the need to decrypt data during 

processing. However, due to its complex nature, homomorphic 

encryption comes with a high computational cost and tends to be 

slower than operations on unencrypted data [15]. Researchers are 
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currently exploring ways to optimize the efficiency of these 

algorithms to make them more practical for real-world applications. 

4.4 Zero-knowledge proofs 
Zero-knowledge proofs are a cryptographic technique that allows 

one entity to prove the truth of a claim to another entity without 

revealing any additional information beyond the certainty of the 

claim itself [34]. This mechanism can verify the accuracy of 

calculations or the possession of specific data without disclosing 

the underlying information [32]. Although this technique is 

promising, its practical implementation is still in progress and 

requires significant computational capacity [38]. 

AI applications require a vast amount of data to function 

efficiently. However, the techniques presented here offer promising 

solutions to process this data while respecting privacy parameters. 

With advancements in technology and regulations, we can expect 

the emergence of new strategies and techniques that strike a balance 

between the demands of AI and the responsibilities associated with 

personal data protection. 

5 Discussion 
The paper analyzes the challenges, techniques, and algorithmic 

solutions for protecting personal data in ubiquitous smart 

environments, particularly AI-driven applications. The constant 

collection, dispersion, and interconnection of data and a lack of user 

awareness pose significant privacy risks. However, they also 

provide opportunities for innovative solutions. Data minimization, 

depersonalization, active consent, and user control are not just 

solutions but also fundamental principles that should guide the 

development of AI applications in these environments. Their 

practical implementation requires a careful balance between 

usability and privacy, highlighting the need for personal data 

protection-aware designs. 

AI techniques such as differentially private learning, federated 

learning, homomorphic encryption, and zero-knowledge proofs are 

being evaluated to address privacy concerns. Each technique has its 

unique approach to handling data and ensuring privacy, 

highlighting the potential of AI to operate within strict data 

protection norms. However, these techniques pose challenges, such 

as computational efficiency, algorithm complexity, and balancing 

data utility and privacy. These challenges indicate areas of ongoing 

research and development. 

Finding a balance between the impact of regulations and 

policies on emerging technologies is crucial. Although current data 

protection laws such as the General Data Protection Regulation 

(GDPR) or the Mexican data protection norms (Ley Federal de 

Protección de Datos Personales en Posesión de los Particulares and 

Ley General de Protección de Datos Personales en Posesión de 

Sujetos Obligados) lay a foundation, regulatory frameworks need 

to evolve as AI technologies advance. Therefore, policymaking 

should be proactive in predicting future developments and creating 

guidelines that protect individual privacy while promoting 

technological innovation. 

Discussions about proposed solutions to technical and 

implementation challenges are often complicated by real-world 

issues such as scalability, computational demands, and integration 

complexities. While these solutions may be theoretically sound, 

addressing these challenges requires collaboration across multiple 

disciplines, including computer science, law, ethics, and design. 

The future of personal data protection in smart environments 

is likely to be influenced by various emerging trends. These include 

the growing use of AI in everyday devices, advancements in 

encryption technologies, and an increasing public awareness of 

privacy issues. Continuous research will be essential to stay ahead 

in this dynamic field. Ethical and legal considerations will also play 

a crucial role in shaping the future of personal data protection in 

smart environments. 

This paper serves as a call to action for the research community 

to foster further exploration and development of AI technologies 

that respect and protect personal data privacy. The balancing act 

between technological innovation and data protection is a complex 

but necessary endeavor, essential for the responsible advancement 

of AI in our increasingly connected world. 

6 Conclusion 
Smart environments are everywhere, from homes to cities, and they 

have the potential to improve our lives and make everyday tasks 

more efficient. However, these environments rely on data, which 

risks our privacy and personal information. It is important to 

prioritize user privacy by implementing data protection-awareness 

designs to address this issue. Data minimization, depersonalization, 

active consent, and data management tools can help protect user 

rights in smart environments. In artificial intelligence, adopting 

techniques such as differentially private learning, federated 

learning, homomorphic encryption, and zero-knowledge proofs can 

further ensure that data is processed without compromising 

privacy. As a research community, it is essential to proactively 

address these challenges to ensure that the promises of smart 

environments are realized in an ethical, sustainable, and respectful 

manner that defends the human right to privacy. 
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