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Abstract

This paper investigates the factors influencing the consumer adoption of smart meters (SM), analyzing the roles
of government policies, technological advancements, economic incentives, social and cultural factors, and
environmental awareness. Employing qualitative and quantitative research methodologies, the study finds that
government policies and financial incentives significantly drive consumer adoption of SMs. Technological
features, economic benefits, and social influences also play crucial roles. Besides this, safety and security concerns,
and environmental awareness are also essential for consumer acceptance. The research highlights the need for
robust policy frameworks, technological advancements, and effective communication strategies to enhance SM
adoption in India.
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Introduction

Influencing Factors of Consumer Adoption of Smart Meters: Analyzing Policies,

SMs are a new step in developing technology within the energy sustainability sector, as they provide a new way of monitoring
energy usage and accurate billing, and more power control among consumers (Sun et al., 2015). India is one of the leading
nations for pushing SM adoption due to energy management challenges such as inefficiency and loss in the transmission and
distribution system (Sridhar et al., 2023). Although both the advantages and requirements are clear, the consumer adoption of
SMs in India is comparatively low.
This study is essential as it systematically looks into the possible factors that affect the extent of SMs' adoption, including
consumer behavior, technological factors, and existing government policies. Policy makers and utility companies must
comprehend these factors to craft appropriate mechanisms to spur SM adoption to improve energy efficiency and support India's
progressively evolving energy and environmental management objectives. Analyzing the factors that may help and the factors
that may hinder the change, the present work seeks to lessen the implementation gap of intelligent energy management systems
in Indian households.

1.1 Objectives

To evaluate the impact of government policies and financial incentives (GPIs)on SM adoption.

To investigate the influence of advanced technological features (TFs) on SM acceptance and usage.
To analyze the role of economic factors (EFs) in driving SM adoption.

To assess the impact of social and cultural factors (SCFs) on SM adoption.

To determine the significance of Perceived Safety and Security Concerns (PSCs) in SM adoption.
To explore the relationship between Environmental Awareness (EA) and SM adoption.

1.2 Hypotheses

Government Policies and Financial Incentives (GPIs)

H1: GPIs — Higher SM adoption rates

H2: GPIs — Economic Factors (EFs) — Higher SM adoption rates

H3: GPIs — Social and Cultural Factors (SCFs) — Higher SM adoption rates

H4: GPIs — Perceived Safety and Security Concerns (PSCs) — Higher SM adoption rates
H5: GPIs — Environmental Awareness (EA) — Higher SM adoption rates

Technological Factors (TFs)

H6: TFs — Higher SM adoption rates

H7: TFs — PSCs — Higher SM adoption rates
H8: TFs — EA — Higher SM adoption rates
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Other Direct Effects

HO9: EFs — Higher SM adoption rates
H10: SCFs — Higher SM adoption rates
HI11: PSCs — Higher SM adoption rates
H12: EA — Higher SM adoption rates

2. Literature Review

2.1 A brief background of smart meters

Smart meters are broad-ranging metering systems used to track and record current energy consumer use with real-time
technologies enabling consumers and utility companies to monitor and enhance their power use (Tang et al., 2022). Unlike the
usual meters, smart meters provide two-way communication between the meter and the utility companies allowing remote
reading, dynamic pricing, and connection of green energy (Rausser et al., 2018). Besides improving the correctness of bills, this
technology will help consumers save energy since they can diagnose their energy habits.

Significant works examine smart meters and their integration in various regions (Prasad & Semwal, 2013). Studies in developed
nations have also underscored the significance of technological support and consumer enlightenment in utilizing available
technologies. For example, Qi et al. (2020) noted that the developing study about the roles of smart meters that offer real-time
feedback showed that energy conservation in buildings is reduced. On the other hand, the research conducted in developing
countries, including India, has emerged with barriers including cost, consumer awareness, and infrastructural limitations.
Porcarelli et al. (2013) and Pono¢ko & Milanovi¢ (2018) state that policy support and public awareness campaigns are crucial
for SMs' uptake.

2.2 Antecedents of smart meter uptake

The adoption of smart meters involves government policies and financial initiatives. It is identified that the policies that require
smart meters, with the help of subsidies and rebates, can drive a higher adoption level. Similarly, Pallonetto et al. (2021) have
established that institutional support, mainly through regulation and government intervention, is essential in reducing the fixed
costs of smart metering and promoting its massive implementation. In India, similar initiatives like the National Smart Grid
Mission try to drive smart meter deployment via more specific policies as well as funding mechanisms (Ouammi, 2016).

Smart meters have features that include real-time energy monitors, compatibility with other home devices, and a friendly
consumer interface, which significantly shape the acceptance level of smart meters among consumers. Results presented by
Najafi et al. (2021) show that superior features that positively affect the user experience and deliver clear added values, like
reduced costs and better control of energy consumption, are paramount. This study also captures the impact of technical support
and service readiness in building the trust and confidence of the consumers in the technology in question (Mogles et al.,2017).
The decision to adopt smart meters is influenced by economic factors such as the cost-benefit analysis, business incentives
towards installing smart meters, and the long-term benefits that would be accrued. According to Makonin et al. (2013),
understanding the consumer's perception of economic gain from using smart meters, such as evaluations of energy bills and
incentives towards energy conservation, are factors that users will respond positively towards using smart meters (Liu et al,
2020). Thus, while cost-consciousness is high in India, both the economic benefits and financial motives should be emphasized
to promote the use of DTH (Al Khafaf et al., 2020).

Other factors include social and cultural factors like influence from friends, family, and others, the general perception of society
in regards to smart meters, and recommendations from the community. Liang et al.'s (2022) study finds that social norms
mediated by family and friends greatly influence consumer behavior regarding energy-saving technologies. As it has been
discussed in the context of the Indian environment, community, and social factors are pretty significant, and using these factors
can improve the acceptance and spread of smart meters (Devlin & Hayes, 2019).

Privacy, security, and safety concerns regarding data and the physical installation of smart meters are major switch-off factors.
Chen et al. (2017) and Gong et al. (2019) showed that perceived risks, such as data breaches and the safety of electrical
installations, would reduce the uptake of smart meters. That is why establishing sound security measures and constant reporting
on the implementation and effectiveness of safety measures are critical to mitigate these concerns and regain consumers' trust
(Lazzari et al., 2022).

There is growing public consciousness about the environment and the wish to help in the environmental conservation process
regarding smart meter usage. Kowalska-Pyzalska et al. (2020) study found that environmental concerns increase consumers'
propensity to embrace low-carbon technologies. In India, there are many environmentally conscious consumers; Smart meters
and their relevance in supporting the integration of renewable energy should encourage consumers (Fahim Sillitti, 2019).

3. Research Methodology

3.1 Research design

This research adopts a dual approach of exploratory and inferential research designs since the study seeks to address research
questions involving qualitative and quantitative elements. It is designed so that, at the beginning, focus group discussions will
be conducted to obtain qualitative data and refine the variables already derived from the literature analysis. Next, a quantitative
survey is carried out to obtain data from a broader population so that hypothesis testing via SEM can be done.
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3.2 Population and sample

The target population for this research will be the Indian consumers who have adopted smart meters or are in the process of
adopting them. A purposive sampling technique was adopted to cover the planned target population within the overall population
by dividing them according to the age and income of the population, besides dividing the Indian population into different regions.
Based on recommended guidelines for SEM, the sample size will be fixed, raising the power to detect relationships between the
variables. To ensure statistical credibility, around 300 respondents were planned for the survey.

3.3 Data collection methods

Data collection is a two-stage process. The initial data collection procedure in the form of focus group discussions is conducted
with five energy sector participants, including policymakers of the energy sector, utility companies, and technical experts
involved in the energy sector. These discussions confirm the variables obtained from the literature study and also fine-tune them
(Shi et al., 2019). Thus, in the second stage of the research, a structured questionnaire is developed based on these refined
variables and is distributed to the cross-section of the society sample. The items in the survey instrument are government policies
and incentives, technology factors, economic factors, cultural and social factors, safety and security measures, and awareness of
the environment. The data collection in this survey is done online and offline so that the most significant number of people can
provide their responses.

3.4 Statistical analysis techniques

The primary analysis tool used in this research is the Structural Equation Modelling (SEM), which helps estimate the complex
relationship of many linked variables and their total impacts on smart meter adoption. The SEM enables the estimation of both
the measurement model, which evaluates the constructs' reliability and validity, and the structural model, which evaluates the
hypothesized relation between them. The internal consistency of the constructs is assessed using reliability tests, which include
Cronbach's alpha value and composite reliability (CR). To ensure the constructs capture the intended concepts, validity tests such
as AVE and discriminant validity checkstones, namely the Fornell-Larcker criterion and HTMT ratios, are conducted (@drngreen
& Levinsen, 2017).

4. Data analysis

This section presents the findings from the data analysis conducted on the survey responses collected from 335 Indian consumers.
The data analysis process includes descriptive statistics to provide an overview of the sample's demographic characteristics and
critical variables, reliability, and validity analysis to ensure the constructs used in the study are robust, and Structural Equation
Modelling (SEM) to test the hypothesized relationships between variables. SEM is particularly suited for this study as it allows
for the simultaneous examination of multiple interrelated variables and their direct and indirect effects on smart meter adoption
(Singh, 2009).

Table 4.1: Reliability and scale validity

Construct Dijkstra-Henseler's  rho | Joreskog's  rho | Cronbach's alpha | AVE
(pA) (pc) (o)

Social and Cultural Factors (SCF) 0.813 0.810 0.808 0.516
Safety and Security Considerations | 0.828 0.822 0.819 0.538
(PSC)

Environmental Awareness (EA) 0.869 0.866 0.867 0.619
Economic Factors (EF) 0.807 0.807 0.806 0.582
Technological Factors (TF) 0.791 0.864 0.789 0.613
Government Policies and Incentives | 0.808 0.800 0.795 0.573
(GPI)

Smart Meters 0.833 0.875 0.827 0.539

This study's overall analysis of construct reliability and validity indicates strong and consistent measurement across all constructs.
All constructs exhibit high reliability, with Dijkstra-Henseler's rho (pA), Joreskog's tho (pc), and Cronbach's alpha (a) values
exceeding the acceptable threshold of 0.79. Convergent validity is confirmed as all constructs have AVE values above 0.50,
ensuring that each construct explains a significant portion of the variance in its indicators.

Table 4.1: Discriminant validity

Construct SCF PSC EA EF TF GPI
SCF

PSC 0.688

EA 0.717 0.724

EF 0.690 0.758 0.716

TF 0.569 0.800 0.683 0.801
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GPI 0.585 0.640 0.715 0.744 0.746
The HTMT analysis indicates that all constructs exhibited good discriminant validity, as their HTMT values were below the
threshold of 0.90. Constructs such as SCF, EA, TF, EF, PSC and GPI were well-differentiated from other constructs. Overall,
the constructs are reliably measured, distinct, and valid, supporting the robustness of the study's findings.

4.1 Coefficient of determination (R?)

Table 4.2: Coefficient of Determination

Construct Coefficient of determination (R?) Adjusted R?
SCF 0.342 0.340
PSC 0.548 0.545
EA 0.537 0.534
EF 0.563 0.561
TF 0.434 0.433
Smart Meters 0.876 0.874

The Coefficient of Determination (R?) values indicate the proportion of variance explained by the constructs. Smart Meters show
the highest R? (0.876), suggesting a strong explanatory power. PSC, EA, and EF also have substantial R? values above 0.53,
indicating a good model fit. SCF and TF have moderate explanatory power.

4.2 Summary of SEM results

The Structural Equation Modelling (SEM) results provide a comprehensive understanding of the factors influencing smart meter
adoption in Indian residential buildings. The model fit indices, including Chi-square/df, Comparative Fit Index (CFI), Tucker-
Lewis Index (TLI), and Root Mean Square Error of Approximation (RMSEA), indicate a good fit, validating the proposed
relationships between the constructs. The SEM analysis reveals significant path coefficients, supporting the hypothesized
relationships and highlighting the complex interplay between various factors.

Figure 1: Structural Model
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4.3 Hypothesis testing outcomes

Table 4.3: Hypotheses Testing Summary

Hypothesis Effects B t-value p-value Result
Total 0.6620 13.554 0.000 Significant
H1 Direct 0.2250 3.629 0.000 Significant
H2 (via EF) Indirect 0.1704 2.635 0.0084 Significant
GPl 2> SM
H3 (via SCF) Indirect 0.0824 2.683 0.0073 Significant
H4 (via PSC) Indirect 0.0826 2.873 0.0047 Significant
H5 (via EA) Indirect 0.0704 2111 0.0350 Significant
Total 0.2090 4.374 0.000 Significant
H6 Direct 0.0310 0.798 0.425 Not Significant
TF > SM
H7 (via PSC) Indirect 0.1301 3.543 0.0005 Significant
H8 (via EA) Indirect 0.0468 2.408 0.0160 Significant
Hypothesis Effects B t-value p-value Result
PSC > SM H11 Total (= Direct) 0.264 4.011 0.000 Significant
EA > SM H12 Total (= Direct) 0.189 3.209 0.001 Significant
SCF = SM H10 Total (= Direct) 0.139 2.752 0.006 Significant
EF > SM H9 Total (= Direct) 0.226 2.730 0.006 Significant

The hypotheses about the constructs of the adoption of SMs have been justified well statistically, and there is strong justification
for the measures of these constructs using structural equation model analysis for direct and mediated effects. The hypothesis
testing was centred on the impact of GPI, TF, EA, EF, PSC and SCF on SM adoption.

The results also support the fact that policies and incentives have a direct influence on the adoption of SMs, as evidenced by a
good path coefficient of 0.6620 and a very large t-value of 13.554. Other factors included high-level technological attributes that
involve energy monitoring in real time and adjustment of energy use autonomously, with a path coefficient of 0.209 and a t-
value of 4.374, thereby showing the relevance and influence of the identified factors on consumer acceptance and sustained use
of SMs.

Among the drivers, EFs related to costs, benefits and incentives had a positive impact on the purchasing decisions for SMs, with
a path coefficient of 0.226 and a t-value of 2.730. Family and friends’ recommendations emerged as other strong and positive
determinants of attitude with a path coefficient of 0.141 and a t-value of 2.752, which highlights Sl in the adoption process.
Another aspect was the trust in the safety and security of SMs, which had a path coefficient of 0.264 and a t-value of 4.011,
which indicates that PSCs are strong determinants of consumers’ adoption of the products. On the same note, environmental
consciousness and, thus, the pursuit of sustainable living also contributed positively with a path coefficient of 0.189 and a t-value
of 3.209, which highlights that those consumers who are more environmentally friendly are likely to adopt SMs.

The study also reflected the mediating effects of EFs, SCFs, PSCs and EA on GPls; and PSCs and EA on TFs. On the basis of
these hypotheses, high path coefficients and t-values of the model support the relationships among these factors and the
compounded effect of these factors on SM adoption.

These findings demonstrate that a combination of technological, economic, social, safety, and environmental factors, along with
robust government policies, significantly influences smart meter adoption.

5. Discussion

5.1 Interpretation of findings

This research focusing on consumer adoption of SMs depict that it is affected by government policies, technological aspects,
economic conditions, social and cultural effects, safety and security factors, and environmental consciousness. Regarding the
most preferred factors influencing the adoption of cloud computing solutions, governments' policies and financial incentives
were outstanding, which is rather significant in recognizing the role of regulatory support in dealing with the barriers noted
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above. The ability to give real-time feedback tracking and an easy-to-use graphic interface also helps in consumer acceptability,
while on the economic section, cost-benefit analysis and future savings in favor of technological investment are critical success
factors. The findings also show that the Community and Social norms, such as recommendations from friends and family, highly
influence the levels of adoption, and the value of social influence. Some of the challenges include the issue of safety and security,
whereby customer information may be at high risk; hence, there is a need for tight security and probably having to engage the
customer with the issue. For the last one, awareness of the environment makes the consumers embrace the new technologies for
conservationists and environmental advocates.

5.2 Comparison with previous studies

The findings of this study corroborate the antecedent empirical research carried out in developed and developing countries. Johra
et al. (2020) and Jin et al. (2017) also revealed that government policies and financial incentives are fundamental for SM
deployment. This finding conforms with the studies by Hong et al. (2020) on technological features' relevance and the influence
on the viability of acceptance by the end-user on technological aspects. It is seconded by the works of McKenna et al. (2018)
regarding the economic factors into consideration. Thus, following Heider et al. (2020), social and cultural factors are
unavoidable and play a role in users' behavior, whereas Gianniou et al (2018) underline the importance of Safety and Security
considerations. Another argument by Ghoshet al. (2020) about the contribution of awareness to establishing sustainable
technologies can also be seen from the Indian context.

5.3 Implications of the findings for policy and practice

The study's results have substantial implications for policy and practice. These findings imply the significance of governments
in enforcing supporting policies and financial incentives, which make it quite crucial for the regulatory frameworks to be robust.
Technology that adds value to the end users must be encouraged by being developed to be embraced by the consumers. Hence,
using subsidies and rebates is inevitable to spur investment as a way of dealing with the costs. It is concluded that social and
cultural factors can be used as the main strategies for increasing the diffusion of smart meters, especially in societies with high
levels of social capital. Safety and security measures, especially in an e-health application, require tight measures and proper
ways to inform consumers. Marketing the environmental attributes of the smart meters can also contribute more towards the
uptake of the smart meters by environmentally conscious consumers.

5.4 Recommendations for policymakers

The authorities should pay attention to the creation of favorable legislation prescribing the compulsory deployment of smart
meters along with the penalties that would help to decrease the prices for such equipment. Raising public awareness through
specific campaigns about smart meters and their uses and eliminating safety issues can also increase consumers' confidence.
Policies should also encourage technological advancement to enhance the clients' experience and encourage them to embrace
renewable energy solutions. So, best practice, employing social influencers and community leaders to demand smart meters is
helpful in areas with strong social ties.

5.5 Suggestions for utility companies and stakeholders

Consumers should use modern smart meters with the features of real-time energy displays, interactive communication interfaces,
and efficient customer support services. Education on the benefits of smart meters, including cost implications and the
environmental impact, should be provided to consumers so that change can occur. Location awareness, data privacy, and security
must be strengthened to address consumers' concerns effectively. Here, utility companies should also use social media to target
various leaders and influential people within society and embrace smart metering services. Engaging policymakers to bring
policy support to complete the alignment of strategies will be a bonus to adopting interventions.

Thus, this analysis comprehensively evaluates the various critical factors that may significantly affect the deployment of smart
meters in India's/residential end-use sector. Through intervention in such factors, as well as with specific policies, technological
solutions, and communication and outreach, stakeholders can boost the adoption rates of smart meters and increase the energy
efficiency of India's energy sector.

6. Conclusion

6.1 Summary of key findings

This research seeks a detailed analysis of the possible determinants of smart meters' use in Indian residential buildings. Adoption
is driven mainly by government policies and financial incentives, as the findings show; these findings support the role of
regulation. Consumer acceptability is significantly improved by such technological features as real-energy consumer monitoring
and sharpened user interfaces. It remains significant for motivating people to invest in smart meters because it focuses on
rationality, such as cost-benefit analysis and stating long-term gains. By focusing on the role and influence of sociocultural
factors and people's recommendations within communities, the high role of the socio-recommended use model has been
established. The two significant challenges related to the use of Bl are still safety and security issues, including data protection,
which must be solved by implementing necessary security measures and providing clients with detailed information. Consumer
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awareness of the environment also plays a critical factor in the adoption of smart meters. This is because consumers who are
aware of environmental issues will readily adopt smart meters due to their environmentally friendly benefits.

6.2 Contributions to the field

Hence, this study adds to the body of knowledge by ostensibly examining the different dimensions that influence smart meter
uptake in a developing country. While using quantitative and qualitative data, the research presents the multifaceted relations
between policy and technology, economic and social aspects, safety issues, and the growth of environmental consciousness. The
study offers recommendations for stakeholders such as policymakers, utility companies, and other interested parties wishing to
encourage the adoption of smart meters and create a positive uptake for a sustainable energy solution.

6.3 Limitations of the study

The study thus has the following limitations despite the extensive coverage of the framework. The sample size used in the study
is moderate and appropriate for the analysis implementation; however, it needs to include India's rich demographic and
socioeconomic diversity. Also, the study design is cross-sectional, which reduces the chance of establishing trends in the
consumers' behavior in terms of adoption within the given time span. For instance, data from survey questionnaires may also
cause response bias in self-reported data. In addition, the study identifies primarily residential consumers; it might need to
consider the experiences and issues of commerce and industry customers.

6.4 Directions for future research

It would be helpful for future works to extend the scope of research and encompass longer periods to analyze shifts in smart
meter installation as well as the fluctuations in consumer relations. This section would have been even more informative if it had
sampled the width and breadth of Indian society and included commercial or industrial internet users. Other new works could
also indulge the effect of new technologies, including smart metering technology, smart home devices, and renewable energy
technologies. Researching the various methods of communication concerning safety and security concerns might reveal viable
solutions to the stakeholders. Furthermore, cross-sectional research across regions and countries could be conducive to
understanding distinct patterns and contexts surrounding international SM implementation.

Therefore, the results of this study could provide a sound starting point for investigating the factors that influence the adoption
of smart metering in Indian residentials. Through intervention through the formation of policies, technological growth, and
awareness creation, the stakeholders will be able to increase the level of acceptance of the recommended solution, thus
contributing to the achievement of energy efficiency and sustainability in India's energy sector.
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