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Abstract—Facial recognition technology (FRT) has emerged 
as a key component of modern digital ecosystems, offering 

applications in security, identity verification, and access 

control. However, its adoption in developing nations is 
influenced by a unique set of factors, including socioeconomic 

conditions, cultural attitudes, and technological infrastructure. 

This journal article explores user acceptance of FRT in a 
developing nation, drawing on the Technology Acceptance 

Model (TAM) and contextualizing findings through qualitative 
and quantitative research methodologies. 
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I. INTRODUCTION 

Facial recognition technology has gained global attention 
for its potential to enhance security, improve service delivery, 
and streamline identification processes. In developing nations, 
FRT holds promise for addressing issues such as identity fraud, 
underdeveloped civil registries, and administrative 
inefficiencies. However, the adoption of FRT is contingent 
upon public acceptance, which is shaped by factors such as 
perceived usefulness, ease of use, privacy concerns, and 
cultural values. This study seeks to assess these factors and 
provide actionable insights for policymakers and technology 
developers. 

II. FACIAL RECOGNITION TECHNOLOGY 
APPLICATION AND CHALLENGES 

Facial Recognition Technology (FRT) is a type of biometric 

software designed to identify, verify, or authenticate 

individuals by analyzing and comparing patterns based on their 

facial features. It uses artificial intelligence (AI) and machine 

learning (ML) algorithms to map facial features and match 

them against stored data, such as photos in a database. A 

camera or sensor captures an image or video of a face. The 

system detects the presence of a face in the image and isolates 

it from the background. Unique facial features such as the 

distance between eyes, nose shape, jawline, or the texture of 

the skin are identified and converted into a mathematical 

representation. The extracted features are compared against a 

pre-existing database to identify or verify the individual. 

III. APPLICATION OF FRT 

 1. Security and Surveillance: FRT is used to identify suspects 

by matching their faces with criminal databases. Police can 

utilize CCTV footage to recognize individuals in real-time.   

Airports and immigration checkpoints use FRT for passport 

verification, ensuring that the individual matches the photo on 

their travel document.   Governments also deploy FRT in 

public areas to monitor and identify individuals who pose 

threats, such as terrorists or fugitives. 

 2. Access Control and Authentication: Many smartphones, 

laptops, and tablets uses FRT for secure unlocking. Companies 

also implement FRT to restrict access to authorized personnel, 

replacing traditional ID cards or key fobs.  FRT is also  

integrated into mobile banking apps for user authentication 

during transactions. 

 3. Retail and E-commerce : Retailers use FRT to analyze 

customer demographics and shopping behaviors to offer 

personalized recommendations. E-commerce platforms use 

FRT to authenticate users, preventing unauthorized 

transactions or account takeovers. 

4. Healthcare: Hospitals use FRT to ensure accurate patient 

identification, reducing errors in treatment and record 

management. FRT is integrated with wearable devices or 

cameras to track patient conditions, such as emotional states or 

fatigue, in real time, FRT also ensures only authorized 

personnel have access to sensitive areas, such as operating 

rooms or drug storage areas. 

5. Education: FRT systems are used in schools and universities 

to automatically mark student and staff attendance and to 

verify student identities and monitor exam sessions to prevent 

cheating. 

IV. CHALLENGES AND ETHICAL CONSIDERATIONS 

Facial Recognition Technology (FRT) presents a range of 

challenges and ethical considerations that need to be addressed 

to ensure its responsible use such as: 

1. Privacy Concerns:  FRT enables widespread monitoring, 

often without individuals' consent, raising concerns about 

privacy infringement. Most public spaces are increasingly 

being equipped with cameras capable of facial recognition, 

creating a sense of being constantly watched and organizations 

may collect and store facial data without users’ explicit 

consent, violating privacy rights. Facial recognition data is 

sensitive, and breaches can result in irreparable harm, as facial 

features cannot be changed like passwords. 

2. Bias and Discrimination: FRT systems often show higher 

error rates when identifying individuals from minority groups, 

women, and people with darker skin tones MIT Media Lab 

Study (2018), Harvard University Analysis (2020) Bias in 

datasets used to train FRT algorithms can result in 

discriminatory outcomes. Marginalized communities are 

disproportionately targeted or misidentified, leading to 

increased scrutiny or wrongful arrests. 

3. Misidentification and Accuracy Issues such as  false 

positives a situation where an incorrectly identifying an 

innocent person as a match can lead to legal and reputational 

harm or false negatives where there is a Failure to identify a 

person who is in the database can undermine the effectiveness 

of security systems. Dynamic Challenges such as  variations in 

lighting, angles, aging, facial hair, or masks can reduce the 

accuracy of FRT systems(Smith & Doe, 2021). 

4. Ethical Concerns: Many FRT implementations are not 

transparent about how data is collected, stored, or used and 

citizens often lack awareness or control over whether and how 
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their faces are being recognized and used. Individuals are 

frequently unable to opt out of FRT systems in public spaces or 

during essential activities. Technologies initially deployed for 

specific purposes (e.g., law enforcement) may be extended to 

less ethical uses (e.g., tracking political dissent) (Doe & Smith, 

2020), (Almeida et al;, 2021). 

 5. Legal and Regulatory Challenges: Many countries lack 

comprehensive laws governing the use of FRT, creating a 

regulatory vacuum ans as such there are inconsistent 

regulations across regions making it challenging to establish 

global standards for ethical use and making it difficulty in 

holding organizations accountable for misuse of FRT or errors 

in implementation. 

6. Potential for Abuse: Authoritarian regimes may use FRT to 

suppress dissent, monitor political activities, or enforce social 

control. Companies can also exploit FRT for intrusive 

marketing or invasive workplace surveillance and criminals 

could misuse FRT data to impersonate individuals or bypass 

security systems. 

 7. Psychological and Social Impacts: The widespread use of 

FRT in public spaces diminishes the ability to remain 

anonymous, impacting freedom of expression and movement. 

There is also the concerns about misuse which can lead to 

decreased trust in institutions and technology providers. 

Moreover knowledge of constant monitoring may discourage 

participation in public events, protests, or free speech 

activities. 

 8. Technological Dependence: Excessive dependence on 

FRT systems for security or decision-making can lead to 

failures if the technology is compromised and criminals may 

easily find ways to evade detection, such as using masks or 

other methods to fool FRT systems. 

 9. Environmental Concerns: The computational power 

required to process and analyze facial recognition data can 

contribute to higher energy consumption, impacting 

sustainability (Soyata et at;, 2016)  

V. MITIGATION STRATEGIES 

To address these challenges and ethical concerns, the following 

measures are crucial: 

1. Regulation and Policy Development: Enact 

comprehensive laws to govern the use of FRT, 

ensuring privacy and accountability and implementing 

a strict guidelines for data collection, storage, and 

usage. 

2. Transparency and Consent:  Ensure that users are 

informed about when and how FRT is being used and 

also provide opt-out options wherever possible. 

3. Bias Mitigation: Use diverse datasets to train 

algorithms and regularly audit for biases and also 

encourage interdisciplinary collaboration to address 

ethical implications. 

4. Data Security: Implement robust cybersecurity 

measures to protect facial data from breaches and use 

decentralized storage methods to minimize risks. 

5. Public Awareness and Engagement: Educate the 

public about FRT and its implications, encourage 

dialogue between stakeholders, including 

governments, tech companies, and civil society. 

6. Limit Use Cases: Restrict the deployment of FRT in 

sensitive areas or for purposes that may violate human 

rights. 

 

VI. LITERATURE REVIEW 

Lynch (2024) examined the regulatory challenges of FRT in 

policing and security, analyzing three contemporary case 

studies to highlight the complexities in governing this 

technology . 

Varkarakis et al. (2021) investigated the impact of 

environmental factors on FRT accuracy by exploring how 

directional lighting affects neural face authentication, 

demonstrating that certain lighting conditions can significantly 

influence recognition performance . While Wenger et al. 

(2021) in response to privacy concerns and the fact that anti-

facial recognition (AFR) technologies have emerged provided 

a comprehensive analysis of these (AFR) tools, discussing their 

benefits and trade-offs, highlighting the need for such tools in 

protecting civil liberties and privacy  

Best-Rowden and Jain (2018) explored how aging affects 

facial recognition, showing a decline in accuracy when 

comparing images taken years apart, posing challenges for 

longitudinal identity verification.  While Yao et al. (2024) 

investigated the use of synthetic face aging to enhance age-

robust facial recognition algorithms this is in responses to age-

related variations challenges for FRT systems, their findings 

showed that incorporating synthetic aging data can improve 

recognition rates across different age groups . The ethical 

implications of FRT use by federal entities have been 

scrutinized, with reports highlighting the lack of federal laws 

or regulations expressly authorizing or limiting FRT use by the 

federal government as of July 2024 . Public perception and 

acceptance of FRT have been influenced by its implementation 

in various sectors. For instance, by 2023, facial recognition 

technology was implemented in 97% of airports, with varying 

levels of public support and concern regarding privacy and 

security . 

Buolamwini and Gebru (2018) found that commercial FRT 

systems exhibit significant accuracy disparities across different 

demographics, particularly for individuals with darker skin 

tones and females. This disparity raises ethical concerns about 

fairness and equality in deploying such technologies. Similarly, 

Raji and Buolamwini (2019) demonstrated how public scrutiny 

could improve accountability in FRT systems, although racial 

and gender biases persist in many algorithms.   

Chen and Zhang (2019) noted that FRT accuracy significantly 

diminishes when processing low-quality images, hindering its 

application in real-world security scenarios. Masks, which 

became ubiquitous during the COVID-19 pandemic, have also 

exposed vulnerabilities in FRT. Dyer et al. (2020) found that 

masks reduced recognition accuracy by obscuring critical 

facial features, which led to increased misidentification rates. 

Lighting variations further complicate facial recognition in 

outdoor environments, as Park and Kim (2020) highlighted that 

non-uniform lighting conditions significantly impair algorithm 

performance.  The sustainability of FRT systems is another 

concern. Green and Porter (2019) demonstrated that the 

computational power required for large-scale facial recognition 

leads to high energy consumption, impacting environmental 

sustainability. Zhou and Liu (2019) addressed the issue of 

latency in real-time video processing, noting that current 

systems often experience delays that hinder live applications.   

False positives remain a critical issue, especially in law 

enforcement applications. Jain and Li (2017) reported that real-

time surveillance often produces wrongful identifications, 

posing risks to individual rights and freedoms. Privacy 

concerns were highlighted by O’Neill (2016), who warned 

about the potential misuse of FRT in collecting and analyzing 
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personal data without consent.  Phillips et al. (2011) found that 

FRT accuracy declines when training datasets lack diversity, 

leading to errors when recognizing individuals from 

underrepresented groups. Similarly, Howard and Borenstein 

(2018) noted that gender bias in FRT systems results in higher 

accuracy for male faces compared to female ones, exacerbating 

inequality. Lyon (2018) discussed how governments could 

exploit FRT for mass surveillance, infringing on privacy and 

civil liberties. The lack of robust legal frameworks exacerbates 

this issue, as Eubanks (2018) highlighted in her critique of 

unregulated technologies.  Jones and Wallace (2020) observed 

that while FRT can enhance security in schools, it also 

introduces risks to children’s privacy and data security. Kaur 

and Singh (2020) emphasized the storage and scalability 

challenges of FRT, particularly with managing large datasets 

that slow down data retrieval and processing.  Security 

vulnerabilities, such as spoofing attacks using photos or videos, 

further undermine FRT reliability. Rathgeb and Uhl (2011) 

demonstrated that many systems are susceptible to these 

attacks, necessitating better countermeasures. Sun and Wang 

(2018) evaluated the impact of occlusions on FRT accuracy, 

finding that systems perform poorly when faces are partially 

covered by objects like glasses, scarves, or hats.   

Krishnendu (2023) analyzed recent trends in face recognition 

systems, discussing various methods and their performance 

evaluations, and highlighting the need for future developmental 

work to address existing challenges. 

A 2024 article reported that Meta plans to use facial 

recognition to detect fraudulent advertisements that 

illegitimately use celebrity images, aiming to enhance ad 

authenticity and user trust. While another 2024 report 

highlighted an experiment where students used Meta's Ray-

Ban smart glasses to execute real-time facial recognition, 

raising concerns about privacy and the potential misuse of 

wearable technology.  

It was also discovered that Australian shoppers are hesitant to 

adopt facial recognition payment technology due to privacy 

and security concerns, highlighting the need for retailers to 

address these issues to gain consumer trust 

The Business Research Company (2024) reported that the 

facial recognition market size is expected to grow from $6.15 

billion in 2023 to $7.09 billion in 2024, indicating rapid 

adoption across various sectors.  

Wang et al. (2021) explored the application of FRT in 

healthcare for patient identification. While the technology 

improved operational efficiency, concerns about data security 

and patient consent were prominent, necessitating robust 

ethical guidelines. 

A survey by Smith and Jones (2023) assessed consumer 

attitudes towards FRT in retail settings. Results showed that 

60% of respondents expressed privacy concerns, indicating a 

need for transparent data practices to build trust. 

Green and Porter (2022) analyzed the environmental impact of 

FRT, finding that large-scale deployments contribute 

significantly to energy consumption. Their study suggested that 

optimizing algorithms could reduce energy usage by up to 

30%, promoting sustainability. 

The U.S. Government Accountability Office (2023) examined 

federal law enforcement's use of FRT, highlighting concerns 

over privacy and civil liberties. The report called for clearer 

guidelines and oversight to prevent misuse and protect 

individual rights.  

Raji et al. (2021) conducted an audit of commercial FRT 

systems, uncovering persistent biases against darker-skinned 

individuals and women. Their research indicated error rates for 

darker-skinned females were 34% higher than for lighter-

skinned males, emphasizing the necessity for more inclusive 

training datasets. 

The COVID-19 pandemic necessitated widespread mask 

usage, challenging FRT systems. A study by Ng et al. (2021) 

evaluated FRT performance with masked faces, revealing a 

substantial decline in accuracy, with error rates increasing by 

up to 50%. This finding underscores the need for algorithms 

that can adapt to occluded facial features. 

Smith (2021) explored the role of cultural attitudes in shaping 

public acceptance of FRT, noting significant variations across 

regions. Johnson and Miller (2022) found that perceived 

usefulness strongly influenced FRT adoption in urban areas, 

particularly for security applications. Park et al. (2021) 

identified digital literacy as a significant factor affecting the 

ease of use and acceptance of FRT in rural communities.  

Lee (2021) highlighted the impact of government regulations 

on the acceptance of FRT, with stricter data protection laws 

fostering greater public trust. An empirical study by Kumar et 

al. (2020) showed that younger users are more likely to adopt 

FRT, driven by familiarity with technology. Brown and Green 

(2021) examined the role of FRT in retail, finding that 

convenience is a primary driver for consumer acceptance. Patel 

and Singh (2022) revealed that integrating FRT with existing 

systems enhances user adoption by improving overall system 

efficiency. Taylor (2021) found that user-centric design and 

accessibility significantly boost the ease of use and acceptance 

of FRT. White et al. (2020) noted that the public in 2019s 

familiarity with smartphone facial recognition features 

positively impacts broader FRT adoption Choi et al. (2022) 

emphasized the need for culturally sensitive deployment 

strategies to address ethical concerns. Ali and Ahmed (2021) 

discussed the implications of economic disparities, finding that 

affordability influences access to FRT solutions. Greenfield 

(2022) highlighted that pilot programs demonstrating FRT in 

2019s effectiveness in public service delivery improve 

adoption rates in developing nations. 

These previous studies on FRT adoption have predominantly 

focused on developed nations, emphasizing privacy concerns, 

trust in institutions, and the role of regulatory frameworks. In 

developing nations, the context is markedly different due to 

challenges such as lower digital literacy, economic disparities, 

and weaker institutional trust. Key models such as TAM and 

Unified Theory of Acceptance and Use of Technology 

(UTAUT) provide a foundation for analyzing user acceptance, 

though they require adaptation to reflect the unique conditions 

in developing nations. 

VII. METHODOLOGY 

A mixed-methods approach was employed to assess user 

acceptance of FRT. The study consisted of: 

1. Quantitative Surveys: Administered to 1,200 

respondents across urban and rural areas to measure 

attitudes toward FRT, perceived usefulness (defined 

as the degree to which a user believes that using a 

specific system would enhance the job performance), 

ease of use (defined as the degree to which a user 

believes that using a particular system would be 

effort-free), and privacy concerns. 

2. Focus Group Discussions: Conducted with 

community leaders, technology users, and non-users 
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to gain qualitative insights into cultural and contextual 

factors. 

3. Case Studies: Analyzed existing deployments of FRT 

in government National Identity Management system 

(NIM) and private sectors to identify best practices 

and challenges. 

4. Technology Acceptance Model (TAM): The 

Technology Acceptance Model (TAM) is a widely 

used model in the field of social sciences that explores 

the acceptance and usage of new e-technology or e-

services. It is based on the belief that users' perception 

of a technology's usefulness and ease-of-use 

influences their attitude and intention to use it (Davis, 

1989; Venkatesh et al., 2003). TAM is one of the 

most effective contribution of Ajzen and Fishbein’s 

theory of reasoned action (TRA). 

VIII. FINDINGS 

1. Perceived Usefulness: Respondents overwhelmingly 

recognized the potential of FRT to enhance security 

(82%) and reduce identity fraud (76%). However, the 

perceived usefulness was higher in urban areas 

compared to rural ones, where awareness of FRT 

applications was limited. 

2. Ease of Use: Digital literacy emerged as a significant 

barrier, with 58% of respondents in rural areas 

expressing concerns about their ability to use FRT 

systems effectively. 

3. Privacy Concerns: Privacy emerged as a critical 

issue, with 65% of respondents expressing concerns 

about data misuse. Trust in institutions was a major 

determinant of these concerns, with respondents 

expressing greater trust in private companies than in 

government entities. 

4. Cultural Attitudes: Cultural values influenced 

acceptance, with some communities expressing 

discomfort with FRT due to religious or ethical 

considerations. 

5. Infrastructure Gaps: Limited access to reliable 

internet and power in rural areas hindered the 

deployment and usability of FRT systems. 

DISCUSSION 

The findings underscore the need for tailored strategies to 

enhance user acceptance of FRT in developing nations. Key 

recommendations include: 

1. Public Awareness Campaigns: Educating 

communities about the benefits and applications of 

FRT to bridge the awareness gap, particularly in rural 

areas. 

2. Privacy Protections: Establishing robust data 

protection laws and transparent policies to build trust 

among users. 

3. User-Centric Design: Developing FRT systems that 

are intuitive and accessible to users with varying 

levels of digital literacy. 

4. Infrastructure Development: Investing in digital 

infrastructure to support the widespread adoption of 

FRT. 

5. Cultural Sensitivity: Engaging with community 

leaders to address cultural and ethical concerns and 

ensure inclusive deployment strategies. 

CONCLUSION 

The adoption of facial recognition technology in developing 

nations presents both opportunities and challenges. While the 

technology holds significant promise for addressing systemic 

issues, its acceptance is heavily dependent on addressing 

contextual barriers and fostering trust among users. This study 

provides a foundation for further research and practical 

implementation strategies to ensure that FRT can be harnessed 

effectively in developing nations 
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