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Abstract

This study examines how machine learning based intelligent streetlight control can improve sustainable energy
management in smart cities by addressing the persistent problem of traditional fixed time streetlighting, which
often consumes excessive electricity, increases municipal operating costs, and lacks real time responsiveness to
traffic, pedestrian movement, ambient light, weather, and fault conditions. The purpose of the study is to
evaluate the role of machine learning, loT sensors, adaptive dimming, predictive brightness control, and remote
monitoring in transforming conventional streetlights into intelligent urban energy assets. A quantitative, cross
sectional, case-based research design was adopted using secondary evidence from cloud enabled, edge supported,
and enterprise level smart city streetlighting cases reported in the literature. The sample consisted of selected
smart lighting cases involving IoT connected streetlights, cloud management platforms, sensor-based control
systems, and machine learning enabled prediction models. The key variables included machine learning
prediction capability, 10T and sensor integration, adaptive dimming, predictive control, energy saving
percentage, maintenance improvement, operational reliability, and sustainability outcomes. The analysis plan
involved thematic coding, cross case comparison, Likert based evidence scoring, and numeric synthesis using
the Energy Saving Percentage formula to compare traditional streetlighting with intelligent ML based systems.
The findings indicate strong quantitative support for ML based intelligent lighting, with an overall support
score of 4.42 out of 5.00, 86% of reviewed studies supporting ML or Al based streetlight control, IoT and sensor
integration scoring 4.55, machine learning prediction and optimization scoring 4.48, and sustainability
outcomes scoring 4.31. Energy saving patterns ranged from 25% to 60%, with an estimated average saving of
38.7%. Comparative results showed that traditional fixed time systems scored only 2.10, sensor based adaptive
systems scored 3.95, and ML based predictive systems scored 4.62. The study implies that smart cities can
reduce energy waste, improve lighting reliability, lower operational costs, support predictive maintenance, and
strengthen sustainability goals by integrating machine learning with IoT based streetlight infrastructure.
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INTRODUCTION
Smart cities are generally defined as urban systems that use information and communication
technologies, sensing infrastructure, data analytics, and networked governance to improve the
efficiency, sustainability, livability, and responsiveness of urban services (Agramelal et al., 2023).
Within this definition, the term “smart” does not simply refer to digital technology; it refers to the
capacity of a city to collect data, interpret conditions, coordinate services, and manage resources more
intelligently across transportation, energy, lighting, public safety, buildings, waste, and environmental
systems (Kyba et al.,, 2017). Early smart city scholarship emphasized the relationship between
technological infrastructure, human capital, institutional governance, and sustainable urban
performance, showing that cities become smart when digital tools are connected to social, economic,
and environmental objectives rather than deployed as isolated technical assets (Batty et al., 2012). Later
studies expanded this view by describing smart cities as complex socio-technical ecosystems where
sensors, urban data platforms, Internet of Things devices, and computational models support real-time
monitoring and evidence-based decision-making. From an international perspective, the significance
of smart cities is linked to rapid urbanization, rising energy demand, public infrastructure pressure,
and the need for sustainable resource management across both developed and developing urban
regions (Albino et al., 2015). Cities consume a large share of global energy and produce substantial
environmental pressure, making urban infrastructure one of the most important intervention points
for sustainability-oriented technological innovation. In this context, sustainable energy management
refers to the systematic planning, monitoring, control, and optimization of energy use to reduce waste,
lower operational costs, improve service reliability, and minimize environmental burden. Energy
efficiency has long been recognized as a key strategy for reducing unnecessary consumption in
buildings and public infrastructure, and the same principle applies to municipal systems such as public
lighting, which operate for long hours and often follow fixed schedules (Gubbi et al., 2013). Therefore,
intelligent streetlight control becomes an important research area because it connects smart city
development with practical energy-saving infrastructure.
Streetlighting is a core component of urban infrastructure because it supports nighttime mobility, road
visibility, pedestrian comfort, traffic safety, public security, and the social use of urban space after dark.
Public lighting systems are commonly installed across roads, highways, residential streets, commercial
zones, parks, campuses, industrial areas, and transport corridors, which makes them one of the most
widely distributed municipal assets in modern cities (Atzori et al., 2010). Traditional streetlighting
systems are usually operated through manual switching, astronomical clocks, timer-based schedules,
or fixed illumination levels. These systems often remain fully powered during periods of low
pedestrian or vehicle activity, even when weather, traffic, location, and ambient light conditions do not
require maximum brightness (Hollands, 2008). Such fixed operation creates unnecessary electricity
consumption and increases municipal energy expenditure. Studies on public lighting and streetlight
systems have shown that replacing conventional luminaires with LED technology can generate savings,
while additional savings can be achieved when LEDs are combined with smart controllers, dimming
strategies, sensor-based monitoring, and network connectivity. Research on road lighting also
emphasizes that lighting is not only an energy issue but also a safety and environmental issue because
illumination level, visibility, glare, light distribution, and night-sky brightness influence how urban
lighting systems are evaluated. Internationally, the modernization of public lighting has become part
of the wider smart city agenda because streetlight poles already exist in large numbers and can be
upgraded with sensors, communication modules, environmental monitoring devices, and intelligent
controllers (Bachanek et al.,, 2021). This makes streetlights suitable platforms for citywide digital
infrastructure. Smart public lighting studies describe streetlighting as a practical entry point for smart
city implementation because it combines measurable energy savings with visible municipal service
improvement. Therefore, the significance of intelligent streetlight control lies in its ability to convert a
conventional electricity-consuming service into a data-driven energy management system.
The Internet of Things provides the technical foundation for intelligent streetlight control by enabling
physical devices to sense, communicate, process, and exchange data through interconnected networks.
IoT is commonly defined as a network of identifiable physical objects embedded with sensors,
actuators, communication interfaces, and computing capability that allow them to interact with digital
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platforms and other devices (Allcott & Greenstone, 2012). In smart city systems, IoT supports the
integration of urban infrastructure with data-driven services by connecting streetlights, traffic sensors,
cameras, weather stations, smart meters, control centers, cloud platforms, and edge devices. In the case
of streetlighting, IoT-enabled infrastructure allows lamps to collect data on pedestrian movement,
vehicle flow, ambient brightness, lamp status, voltage, current, energy use, temperature, and fault
conditions. These data can be transmitted to local controllers or central management systems, where
they are analyzed to support monitoring, dimming, fault detection, maintenance planning, and energy
optimization (Krizhevsky et al., 2017). IoT-based streetlight systems are therefore different from
isolated lighting installations because they create two-way communication between streetlights and
the urban management platform. A streetlight can send operational data to the system and receive
commands to increase, reduce, or maintain brightness according to changing conditions. The literature
also shows that IoT supports scalable control because many streetlights can be managed as a
coordinated network rather than as independent units (Perera et al., 2014). This networked structure is
internationally significant because cities require systems that can operate across diverse streets, traffic
densities, neighborhoods, and service zones. IoT also provides a foundation for integrating
streetlighting with wider smart city services such as traffic monitoring, environmental sensing,
emergency response, and infrastructure diagnostics. Studies on IoT and smart cities describe such
integration as central to urban efficiency because connected devices transform public infrastructure
into active data sources for decision-making. In this way, IoT makes intelligent streetlight control
technically possible by linking sensing, communication, monitoring, and actuation within one urban
energy management architecture (Pérez-Lombard et al., 2008).

Figure 1: Machine Learning-Based Intelligent Streetlight Control for Sustainable Energy
Management in Smart Cities
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This study is positioned within the intersection of smart city research, machine learning applications,
IoT-enabled public infrastructure, intelligent streetlight control, and sustainable energy management.
The study defines intelligent streetlight control as a data-driven lighting management approach in
which sensors, communication technologies, and computational models are used to regulate
brightness, monitor performance, detect faults, and optimize energy use according to changing urban
conditions. The study defines a machine learning approach as the use of learning algorithms to identify
patterns from streetlight-related data and support decisions about dimming, activation, prediction,
classification, maintenance, and energy optimization. This framing is supported by studies that
describe smart streetlight systems as multi-component systems consisting of lamps, sensors,
controllers, communication modules, data platforms, and control strategies. It is also supported by
studies that identify machine learning and deep learning as important methods for prediction,
optimization, perception, and adaptive decision-making in smart city systems. For a literature-review-
based, qualitative, cross-sectional, and case-study-based study, this introduction establishes the
research problem as a synthesis of three connected issues: traditional streetlighting consumes energy
through rigid operation, smart city systems require intelligent and sustainable infrastructure, and
machine learning offers adaptive control capabilities that can improve streetlight energy performance
(Sadeghian et al., 2021). The study therefore examines published evidence on how machine learning-
based streetlight control supports sustainable energy management through adaptive dimming,
predictive control, IoT integration, operational monitoring, and case-based smart city applications. This
focus allows the research to compare findings across studies, identify common technical mechanisms,
evaluate literature-based energy-saving patterns, and connect the evidence to hypotheses concerning
energy efficiency, sensor-based control, predictive optimization, and IoT-machine learning integration
(Silva et al., 2018).
The main objective of this study is to examine how machine learning approaches can strengthen
intelligent streetlight control for sustainable energy management in smart cities. The study focuses on
understanding how machine learning techniques support adaptive, predictive, and data-driven
lighting decisions in urban environments where conventional streetlight systems often operate through
fixed schedules and static brightness levels. Specifically, the study aims to review how machine
learning models can process data from IoT sensors, traffic movement, pedestrian activity, ambient light,
weather conditions, and historical energy consumption patterns to improve the efficiency of streetlight
operation (Wanvik, 2009). Another objective of the study is to analyze how intelligent streetlight control
mechanisms, particularly adaptive dimming, predictive brightness adjustment, automated fault
detection, and real-time monitoring, contribute to reducing unnecessary energy use while maintaining
public safety and lighting reliability. The study also seeks to evaluate the role of IoT-enabled
infrastructure in supporting machine learning-based streetlight systems by enabling continuous data
collection, communication, and remote control across urban lighting networks (Zanella et al., 2014). In
addition, the study intends to synthesize literature-based evidence on the sustainability benefits of
intelligent streetlighting, including lower electricity consumption, reduced operational cost, improved
maintenance efficiency, extended lamp lifespan, and reduced environmental pressure. Since this
research is literature-review-based, qualitative, cross-sectional, and case-study-based, it further aims
to identify common patterns across previous studies and selected smart city cases rather than relying
on primary field data (Bibri & Krogstie, 2017). A small numeric synthesis will also be used in the
findings section to compare reported energy-saving patterns from previous studies and to support the
research hypotheses and objectives (Akram et al., 2022). Through this objective-based focus, the study
aims to provide a clear understanding of how machine learning can transform streetlights from passive
municipal infrastructure into intelligent energy management assets within smart cities.
LITERATURE REVIEW
The literature review of this study examines the scholarly foundation of machine learning-based
intelligent streetlight control as a sustainable energy management strategy within smart cities. Since
smart cities depend on data-driven infrastructure, connected technologies, and automated decision-
making, the review focuses on how urban lighting systems have evolved from conventional fixed-time
operation toward intelligent, adaptive, and predictive control models. Streetlighting is an important
public service because it supports road safety, pedestrian movement, nighttime visibility, public
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security, and the functional use of urban spaces. At the same time, streetlights represent a major area
of municipal energy consumption because they often operate for long hours and may continue using
electricity even when traffic or pedestrian demand is low. The literature therefore positions intelligent
streetlighting as a practical solution for reducing unnecessary energy use while maintaining lighting
quality and public safety. This review will explore how machine learning contributes to this
transformation by enabling streetlight systems to learn from traffic flow, pedestrian activity, ambient
light, weather conditions, time-based patterns, and historical energy data. It will also examine the
supporting role of IoT sensors, communication networks, edge computing, cloud platforms, and smart
controllers in collecting and transferring the data required for intelligent control. The review is
organized around the key concepts of smart cities, sustainable urban energy management, traditional
streetlight limitations, intelligent streetlight systems, machine learning optimization, IoT-enabled
lighting infrastructure, theoretical framework, conceptual framework, and research gap. Special
attention is given to adaptive dimming, predictive brightness adjustment, fault detection, and real-time
monitoring because these mechanisms directly connect machine learning with energy efficiency
outcomes. The literature review also supports the study’s qualitative, cross-sectional, and case-study-
based approach by identifying common themes, technical patterns, sustainability benefits, and
implementation barriers reported across previous studies. Through this review, the study builds a
strong academic basis for understanding how machine learning can transform streetlights from passive
municipal infrastructure into intelligent urban energy assets. It also helps clarify the relationship
between technology adoption, organizational readiness, environmental sustainability pressure, and the
practical performance of smart streetlight systems in modern urban settings.

Smart Cities and Sustainable Urban Energy Management

Smart cities represent a major shift in how urban systems are planned, operated, and evaluated because
they combine digital infrastructure, data-driven governance, intelligent services, and sustainability-
oriented management. In the context of this study, a smart city can be understood as an urban
environment where connected technologies are used to improve the performance of public services,
reduce resource waste, and support better living conditions for citizens. Sustainable urban energy
management is one of the most important dimensions of this transformation because energy is directly
connected to transportation, buildings, public lighting, water systems, communication infrastructure,
and municipal operations. The increasing complexity of cities has made energy management more than
a technical issue; it has become a strategic urban concern involving efficiency, affordability,
environmental responsibility, public service quality, and long-term infrastructure performance. Smart
city research shows that digital urban management requires the integration of technology, institutions,
data, and service systems so that cities can respond more effectively to social and environmental
demands (Brandt et al.,, 2018). Within this perspective, energy management becomes a central
operational function because smart cities must continuously balance energy supply, demand,
monitoring, distribution, and consumption across multiple urban sectors. This balance is especially
important for public infrastructure that operates daily and consumes electricity over long periods, such
as streetlighting systems. Streetlights are not isolated technical objects; they are part of the broader
urban energy network and influence municipal costs, safety, environmental quality, and service
reliability. Therefore, sustainable urban energy management provides a useful foundation for
understanding why intelligent streetlight control is necessary. When streetlights are connected to smart
city platforms, they can be monitored, adjusted, and optimized according to real-time urban conditions.
This connection allows streetlighting to move away from fixed operation and become part of a more
flexible, measurable, and energy-conscious city management system.
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Figure 2: Smart Cities and Sustainable Urban Energy Management through Intelligent Streetlight
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The literature on smart cities and energy sustainability emphasizes that urban energy systems should
not be examined only through the lens of energy production; they should also be understood through
consumption patterns, infrastructure design, monitoring capacity, and technology-enabled efficiency.
A systematic review of sustainable energy in smart cities found that the main research themes in this
area include energy efficiency, renewable energy, and urban energy planning, showing that
sustainability depends on both cleaner energy sources and better control of energy use (Cortese et al.,
2022). This point is important for intelligent streetlight control because even when renewable energy is
available, wasteful consumption weakens the sustainability performance of public infrastructure.
Sustainable energy management therefore requires cities to reduce unnecessary energy use while
maintaining essential public services. Smart cities use digital tools such as sensors, smart meters,
communication networks, data platforms, and analytical models to support this objective. In public
lighting, these tools can help city managers understand when and where electricity is being consumed,
whether lamps are operating efficiently, and how brightness levels can be adjusted according to actual
need. Energy-oriented smart city research also highlights that artificial intelligence and smart
monitoring systems can support the optimization of energy consumption by enabling more informed,
automated, and responsive decision-making (Chui et al., 2018). This is closely related to machine
learning-based streetlight control because machine learning models can identify patterns in energy
demand, traffic movement, pedestrian presence, ambient light, and weather conditions. As a result,
sustainable energy management becomes more precise and context-aware. Instead of relying only on
traditional schedules or manual inspections, smart city infrastructure can use data to guide operational
decisions. This makes intelligent streetlighting a practical example of how smart city energy
management can be applied at the municipal infrastructure level. The main value is not only electricity
reduction but also better coordination between technology, energy use, public safety, and urban
sustainability.

Sustainable urban energy management also requires cities to adopt integrated approaches that connect
technology deployment with governance, planning, and service outcomes. Studies on energy and
sustainable development in smart cities show that urban energy systems are linked with generation,
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storage, infrastructure, transport, buildings, digitization, and IoT-enabled management, meaning that
energy sustainability depends on the coordination of several technical and organizational components
(Almihat et al., 2022). This integrated view is directly relevant to intelligent streetlight control because
streetlighting systems involve lamps, sensors, communication networks, controllers, software
platforms, maintenance teams, and municipal energy policies. A smart lighting system can only
support sustainable energy management when these elements work together. For example, sensors
may collect real-time information, but energy savings depend on how the system interprets that
information and converts it into lighting decisions. Similarly, machine learning can improve prediction
and optimization, but its effectiveness depends on data quality, system connectivity, implementation
capacity, and governance support. Smart governance literature shows that technology-enabled
collaboration and public-sector coordination are important for achieving sustainable city outcomes
because digital tools alone do not guarantee effective urban transformation (Tomor et al., 2019).
Therefore, sustainable urban energy management should be understood as both a technological and
managerial process. In relation to this study, smart streetlights represent a valuable case of this process
because they combine energy efficiency, digital monitoring, adaptive control, and public service
improvement. They also demonstrate how ordinary infrastructure can become intelligent when it is
connected to data systems and optimized through computational methods. Within the broader smart
city agenda, machine learning-based intelligent streetlight control supports sustainable energy
management by reducing unnecessary electricity use, improving operational visibility, enabling
predictive maintenance, and aligning lighting performance with real urban demand. This makes the
topic highly relevant for cities seeking to modernize public infrastructure while managing energy
consumption more responsibly.

Traditional Streetlight Systems and Their Energy Limitations

Traditional streetlight systems are usually designed around fixed illumination principles, where lamps
operate according to manual switching, timer-based schedules, astronomical clocks, or static dusk-to-
dawn operation. These systems are historically important because they provide basic nighttime
visibility, improve road navigation, support pedestrian confidence, and contribute to public safety in
urban and suburban environments. However, their operational logic is generally rigid because the
same lighting level is often maintained regardless of real-time traffic flow, pedestrian movement,
weather, ambient brightness, or local activity patterns. In many cities, older public lighting networks
still depend on high-pressure sodium, mercury vapor, metal halide, or other conventional lamp
technologies that consume more electricity than modern lighting alternatives. The energy limitation of
these systems is not only related to the type of lamp used but also to the absence of intelligent control.
A conventional streetlight may continue operating at full capacity during periods of very low road use,
such as late-night residential hours or low-traffic industrial zones. This creates a mismatch between
actual lighting demand and electricity consumption. Public lighting is often a visible and politically
sensitive municipal service, so city authorities may hesitate to reduce lighting levels without evidence
that safety and comfort will be preserved. As a result, many traditional systems remain over-lit, under-
monitored, and energy-intensive. Research on municipal lighting indicates that streetlighting can
represent a significant portion of local electricity use and that poor management, inefficient lamps, and
limited control strategies increase operating costs for municipalities (Gordic et al., 2021). In this study,
this limitation is important because it explains why intelligent streetlight control is needed. Machine
learning-based systems are not introduced simply as technological upgrades; they respond to the
deeper inefficiency of traditional systems that consume energy according to fixed schedules instead of
actual urban demand.
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Figure 3: Traditional Streetlight Systems and the Need for Intelligent Energy-Efficient Control
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Another major limitation of traditional streetlight systems is their weak ability to balance energy saving
with lighting quality and perceived safety. Streetlighting cannot be evaluated only by measuring
electricity consumption because its social function is connected to visibility, comfort, road confidence,
pedestrian reassurance, and urban usability during nighttime. When municipalities attempt to save
energy by switching off streetlights or reducing lighting hours, public concern may arise because
complete darkness can affect perceptions of safety and may reduce the usability of public space. This
creates a practical problem for traditional systems: they either consume excessive energy by staying
fully illuminated or risk service quality by reducing light through simple switching or scheduled
shutdowns. Research on urban streetlighting shows that energy can be saved while maintaining
pedestrians’ feeling of safety when lighting attributes such as color, uniformity, and illumination level
are carefully managed, indicating that energy efficiency requires more refined control than simple
on/ off operation (Saad et al., 2021). Traffic-regulated lighting research also shows that road luminance
can be adjusted according to traffic volume, offering a more balanced approach between energy saving
and safety requirements (Baldzs et al., 2023). These findings reveal the limitation of conventional
streetlighting: it lacks sensitivity to changing conditions. A fixed-time system cannot distinguish
between a busy road segment and an empty road segment, nor can it respond to sudden changes in
activity. Even LED retrofits, although more efficient than older lamps, may still waste electricity if the
system operates at full brightness throughout the night. Therefore, the limitation of traditional
streetlight systems is both technical and managerial. Technically, they lack sensors, adaptive dimming,
predictive control, and automated monitoring. Managerially, they provide limited information for
decision-makers who need to evaluate energy use, maintenance needs, and lighting performance. This
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gap supports the relevance of machine learning because intelligent systems can use data to adjust
lighting more accurately.

Traditional streetlight systems also create economic and environmental limitations because high
electricity use increases municipal expenditure and contributes indirectly to carbon emissions when
electricity is generated from fossil-based sources. These systems can also increase maintenance burdens
because faults are often detected through manual inspections, scheduled checking, or citizen
complaints rather than through automated monitoring. As a result, damaged lamps, inefficient fixtures,
abnormal energy consumption, and poor lighting performance may remain unnoticed for long periods.
Economic studies of smart lighting demonstrate that conventional systems consume substantially more
energy than intelligent lighting arrangements and that adaptive part-night lighting, traffic-aware
control, and sensor-based operation can reduce both power consumption and financial burden
(Mohammad et al., 2023). Environmental assessment studies also show that public lighting replacement
planning must consider not only energy savings but also broader environmental performance,
including emissions and life-cycle impacts (Cumo et al., 2025). This is important because traditional
streetlighting is often treated as a routine municipal service rather than a strategic sustainability issue.
When a city operates thousands of lamps for long hours every night, even small inefficiencies can
become large-scale energy and cost problems. Traditional systems also have limited capacity to support
smart city functions because they are not usually connected to data platforms, remote management
systems, or integrated urban monitoring networks. This reduces their usefulness in modern cities
where public infrastructure is expected to provide measurable performance, operational transparency,
and sustainability contribution. The weaknesses of traditional streetlight systems therefore create the
foundation for intelligent streetlight control. Machine learning, IoT sensors, adaptive dimming, and
predictive control directly address these limitations by enabling lighting systems to respond to real
conditions, reduce unnecessary consumption, detect faults, and support sustainable energy
management. In this research, traditional streetlighting is therefore understood as the baseline problem
against which machine learning-based intelligent streetlight control can be evaluated.

Intelligent Streetlight Control Systems

Intelligent streetlight control systems refer to public lighting arrangements that use sensing,
communication, automation, and digital control mechanisms to regulate lighting performance
according to real-time or context-specific urban conditions. Unlike traditional streetlight systems that
rely mainly on fixed schedules, simple timers, or manual switching, intelligent systems are designed to
make lighting operation more responsive, measurable, and energy efficient. The main purpose of
intelligent streetlight control is to provide the right amount of illumination at the right place and time
while reducing unnecessary electricity consumption. This is achieved through the integration of LED
lamps, local controllers, wireless communication, ambient light sensors, motion detectors, traffic
sensors, and centralized or distributed management platforms. Early intelligent streetlighting research
demonstrated that remote-control systems using ZigBee networks and sensor-based devices could
improve the efficiency of public lighting by enabling communication between lamp units and control
centers, allowing lighting systems to be monitored and adjusted more effectively than conventional
arrangements (Leccese et al., 2014). This type of system introduced the idea that a streetlight could
operate as a controllable networked unit instead of a separate lamp. Intelligent streetlight systems
therefore represent a major shift in urban lighting management because they allow municipalities to
move from passive illumination to active infrastructure control. A streetlight can detect environmental
conditions, communicate operational data, receive commands, and adjust brightness according to
demand. This makes intelligent streetlighting especially relevant for smart cities, where public
infrastructure is expected to support energy efficiency, safety, monitoring, and service quality. The
intelligence of the system does not come from one component alone; it emerges from the combined
function of sensors, communication networks, control algorithms, and management software. In this
study, intelligent streetlight control systems are important because they provide the technological
foundation on which machine learning-based optimization can be applied.
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Figure 4: Process Flow of Intelligent Streetlight Control Systems for Smart City Energy
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A key characteristic of intelligent streetlight control systems is their ability to support remote
monitoring and adaptive control across a lighting network. In a fully controlled smart city streetlighting
application, lamp posts can be organized into hierarchical layers where local control units manage
individual lamps while network communication enables data transfer to a central platform for broader
system supervision (Leccese, 2013). This layered structure is important because it allows lighting
systems to combine local responsiveness with city-level management. At the local level, sensors can
detect motion, ambient brightness, or lamp condition and trigger immediate lighting responses. At the
network level, a central system can monitor energy consumption, identify faults, adjust lighting
policies, and coordinate multiple lamp units across streets or zones. Intelligent control also supports
more advanced energy-saving strategies than simple switching. For example, traffic-adaptive lighting
systems use vehicle presence or traffic flow information to control the intensity of LED streetlights,
reducing brightness during low activity and increasing it when road use requires greater visibility
(Shahzad et al., 2016). This approach helps solve one of the main weaknesses of conventional systems:
their inability to distinguish between high-demand and low-demand lighting periods. Intelligent
systems can also apply time-based schedules, sensor-based responses, and dimming profiles in
combination, which makes them more flexible than traditional lighting systems. This flexibility is
important for public safety because it allows light reduction without complete darkness. Instead of
switching lights off, the system can maintain a minimum brightness level and increase illumination
only when needed. In smart city settings, such adaptive operation improves energy management by
connecting lighting output with real urban activity. It also provides operational data that can be used
for maintenance planning, energy auditing, and performance evaluation.

The development of intelligent streetlight control systems has expanded from basic remote control
toward more integrated smart infrastructure models that combine adaptive lighting, Internet of Things
connectivity, wireless sensors, and broader urban service functions. Research on streetlight energy-
saving control has shown that structured control strategies, remote monitoring, and automation
standards can significantly reduce lighting energy use when compared with systems that lack
monitoring and control functions (Ozadowicz & Grela, 2017). More recent adaptive lighting systems
have shown that smart streetlights can use IoT techniques, wireless sensor nodes, ambient condition
measurement, vehicle detection, and local controllers to regulate illumination in road environments
while supporting preventive maintenance and operational supervision (Garcia-Castellano et al., 2019).
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These developments show that intelligent streetlighting is not only about dimming lamps; it is about
creating a responsive infrastructure that continuously links environmental data, road activity, control
decisions, and energy performance. Advanced adaptive streetlighting projects have also demonstrated
that intelligent streetlight poles can combine motion sensors, video cameras, weather sensors, local
controllers, wireless communication, and power consumption analysis to manage brightness and
support wider smart city services (Gagliardi et al., 2020). This makes intelligent streetlight systems a
practical bridge between public lighting and broader urban digitalization. They can reduce energy use,
improve maintenance visibility, support traffic-aware lighting, and create infrastructure for additional
services such as environmental monitoring or mobility analysis. For this research, intelligent streetlight
control systems are therefore understood as the operational platform through which machine learning
can deliver sustainable energy management benefits. Machine learning requires data, and intelligent
streetlight systems provide the sensing, connectivity, and control environment needed to collect that
data and convert it into lighting decisions. This relationship makes intelligent streetlighting a central
concept in the study of machine learning-based sustainable energy management in smart cities.
Machine Learning Techniques for Smart Streetlight Optimization
Machine learning techniques are central to smart streetlight optimization because they allow lighting
systems to move from fixed rule-based operation toward data-driven decision-making. In intelligent
streetlight systems, optimization means adjusting brightness, activation time, dimming level,
maintenance response, and energy use according to actual or predicted urban conditions. Traditional
lighting systems usually operate according to fixed schedules, while machine learning-based systems
can learn from traffic flow, pedestrian movement, ambient light, weather variation, and historical
consumption records. This learning ability makes machine learning suitable for streetlight control
because urban lighting demand is not constant throughout the night. A residential street, commercial
road, highway, university campus, and industrial area may each require different lighting patterns
depending on mobility behavior and safety needs. Earlier research on smart street lighting
management emphasized the concept of “energy on demand,” where lighting is supplied according to
actual need rather than through continuous full-power operation (Pizzuti et al., 2013). This idea
provides a strong foundation for machine learning optimization because the system must first
understand demand before it can control energy use intelligently. Machine learning supports this
process by identifying relationships between input variables and lighting requirements. For example,
traffic volume can be used to estimate road activity, pedestrian movement can indicate local safety
demand, ambient light can determine natural illumination level, and weather data can influence
visibility requirements. When these variables are analyzed together, the streetlight system can make
more accurate decisions about when to dim, brighten, or maintain light intensity. Therefore, machine
learning is not simply an additional technical feature; it is the decision-making mechanism that enables
streetlight systems to become adaptive energy management tools. In smart cities, this is especially
important because lighting networks are large, distributed, and energy-intensive. A machine learning
approach can help municipalities reduce unnecessary electricity use while keeping lighting
performance aligned with public safety and urban service requirements.
Different machine learning techniques can be applied to smart streetlight optimization depending on
the type of data available and the control objective of the system. Artificial neural networks are useful
when the relationship between input variables and lighting demand is complex or nonlinear. Neural
network-based streetlight control can learn from environmental and operational data to estimate
suitable lighting intensity under changing conditions, which is useful when brightness decisions
depend on multiple interacting factors such as weather, traffic, and visibility (Kolasa, 2016). Fuzzy
systems and neural network prediction models can also be combined to handle uncertainty in
pedestrian movement or road activity. For instance, a fuzzy-neural prediction system can estimate
pedestrian movement direction and use this information to adjust nearby streetlamp brightness before
the pedestrian reaches a particular lighting zone (Kim & Bae, 2019). This makes lighting more proactive
than basic motion detection because the system can anticipate movement rather than only react after
detection. In addition, supervised learning methods such as regression models, decision trees, random
forests, gradient boosting, and neural networks can be used to predict illuminance demand or energy
consumption from sensor records. In campus-based smart lighting research, prediction models have
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been used to estimate illuminance values and automatically suggest dimming levels based on
environmental data, showing how machine learning can connect data analytics with real-time device
control (Chaisawat et al., 2023). These techniques are valuable because streetlight optimization does
not require only one type of learning model. Some systems may need classification models to detect
road users, while others may need prediction models to estimate lighting demand or anomaly detection
models to identify abnormal energy use. The selected machine learning technique should therefore
match the system’s purpose, data structure, processing capacity, and operational context. This study
considers machine learning as a flexible group of methods that can support prediction, classification,
optimization, and intelligent control in smart streetlight systems.

Figure 5: Machine Learning Techniques for Smart Streetlight Optimization
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More advanced machine learning and computational intelligence techniques are increasingly used to
improve the accuracy, responsiveness, and scalability of smart streetlight optimization. Computer
vision models can detect vehicles, pedestrians, cyclists, or animals from camera-based data and use this
information to support occupancy-aware lighting decisions. Improved YOLO-based road-lighting
control systems demonstrate how object detection can be connected with embedded devices and
dimming strategies to reduce lighting energy consumption while maintaining road-use awareness (Xue
et al., 2023). This type of approach is important because it provides richer contextual information than
simple motion sensors, especially when the system must distinguish between different road users.
Predictive and model-based control techniques can also optimize streetlight intensity by forecasting
environmental and traffic conditions before lighting decisions are made. A model predictive control
framework for adaptive streetlighting can use high-resolution environmental data and real-world
deployment evidence to dynamically adjust illumination while maintaining lighting quality (Shaheen
etal., 2025). Such methods are particularly useful for smart cities because they allow streetlight systems
to plan ahead rather than simply respond to immediate sensor signals. In practical terms, these
techniques can support adaptive dimming, traffic-aware illumination, weather-sensitive lighting,
energy forecasting, and predictive maintenance. They also help create a stronger link between machine
learning and sustainable energy management because optimization becomes continuous and evidence-
based. However, the effectiveness of these techniques depends on data quality, sensor reliability,
communication stability, model accuracy, and the ability of the control system to operate under real
urban conditions. A model that performs well in simulation may need further validation when
deployed in complex streets with unpredictable traffic patterns, changing weather, and diverse human
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movement. Therefore, machine learning techniques for smart streetlight optimization should be
evaluated not only by technical accuracy but also by their ability to reduce energy use, maintain safety,
support operational reliability, and fit within the broader smart city infrastructure.

IoT and Communication Networks in Smart Streetlighting

IoT, sensors, and communication networks form the technical backbone of smart streetlighting because
they allow streetlights to sense environmental conditions, exchange information, and respond
intelligently to urban activity. In a conventional lighting system, the lamp normally functions as an
isolated electrical device, while in an IoT-enabled streetlighting system, the lamp becomes part of a
connected infrastructure that can collect, transmit, and receive data. This transformation is important
because intelligent streetlight control depends on continuous information about the surrounding
environment. Sensors such as light-dependent resistors, passive infrared sensors, ultrasonic sensors,
current sensors, voltage sensors, temperature sensors, and camera-based detection devices can be used
to measure ambient light, pedestrian movement, vehicle presence, lamp condition, power use, and
environmental changes. These sensor inputs allow the lighting system to decide whether a lamp should
remain off, operate at low brightness, increase illumination, or report a fault condition. Recent IoT-
based streetlighting literature describes smart streetlights as network-based systems that rely on
sensors and connectivity interfaces for light intensity control, weather recording, and remote failure
diagnosis (Omar et al., 2022). This shows that IoT does not only support switching operations; it enables
monitoring, diagnostics, control, and data-driven management. The sensor layer provides the raw
information required for intelligent operation, while the communication layer transfers this
information to controllers, gateways, cloud platforms, or edge-processing units. Without this
connection, machine learning-based streetlight control would have limited practical value because
learning models require continuous and reliable data. Therefore, IoT and sensor networks are not
secondary components in smart streetlighting; they are the infrastructure through which intelligent
control becomes possible. Their role is especially important for sustainable energy management
because lighting decisions can only be optimized when the system knows actual street conditions.
Communication networks are equally important because smart streetlighting systems may involve
hundreds or thousands of lighting units distributed across wide urban areas. These units must
communicate reliably while consuming limited power and operating under outdoor environmental
conditions. Different communication technologies can be used depending on the distance, data rate,
cost, energy requirement, and management structure of the system. ZigBee, Wi-Fi, GSM, NB-IoT, LoRa,
LoRaWAN, Bluetooth, and cellular networks have all been considered for smart lighting applications,
but low-power wide-area communication technologies are especially useful for city-scale streetlight
networks. LoRa-based smart streetlighting research shows that long-range wireless communication can
support LED lamp control, urban safety, and energy conservation by connecting streetlight units to a
management system without requiring expensive wired infrastructure (Omar et al., 2022). Similarly,
LoRaCELL-based smart lighting studies show that long-range IoT connectivity can support sustainable
urban infrastructure by enabling distributed lighting control, monitoring, and communication between
streetlight devices (Biundini et al., 2024). These studies indicate that communication technology affects
the scalability and reliability of intelligent streetlighting. A streetlight network must not only collect
data but also transmit it at the right time and to the right platform. For example, a sensor may detect
pedestrian movement, but the control system must quickly communicate this information to nearby
lights if adaptive illumination is required. In remote monitoring, lamp status and energy consumption
must be sent to a dashboard or management platform so that operators can identify faults, track usage,
and adjust system behavior. Therefore, the communication network functions as the circulatory system
of smart streetlighting. It connects lamps, sensors, controllers, gateways, databases, and management
interfaces into one coordinated infrastructure. This coordination is essential for sustainable energy
management because isolated lamps cannot provide the same level of control, analysis, and
optimization as a connected lighting network.
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Figure 6: IoT, Sensors, and Communication Networks in Smart Streetlighting

N

DATA & ENERGY SMART CITY

~
OPTIMIZATION ¢ ) —~ VALUE

* ML-based control « Urban dats node
& adaptive dimming « Safety & meonitering

* Energy efficency * Sustainable energy

& cost savings management
-
SENSORS
o fAmbient Sght
v * Maotion / Viehicle
9 * Lamp status 4
* Power & Emdrcomant |

COMMUNICATION
) NETWORKS
* LoRa / LoRaWAN
,’/\; * NB-foT / Celuir

A\GEMENT
* Remote monkoring
* Fault detection

* Brighénaes contd STREETLIGHTING * W/ Dges
* Energy reparting (loT ENABLED) ey
v CONNECTIVITY & DATA FLOW

* Transmit data
t * Recewe commands

* Erable real-time control
& eonitoring

.

OUTCOMES

( ’ + Adsptive fichting at right time & place
* Reduced ensrgy use & cperational cost

* Improved safety, monkoring & reliability

The integration of IoT sensors and communication networks also expands the function of streetlighting
beyond illumination. Smart streetlight poles can become urban data nodes that support energy
monitoring, traffic observation, environmental sensing, fault reporting, and public infrastructure
management. This is significant because streetlights are already widely distributed across cities,
making them suitable platforms for multi-sensor deployment and real-time urban observation. IoT-
based manageable streetlighting systems show that intelligent LED streetlights can use sensor networks
to detect vehicle presence, adjust lighting status, support remote monitoring, and reduce energy
consumption compared with traditional streetlamps (Kabir et al., 2023). Broader smart city sensor-
network research also demonstrates that public lighting infrastructure can host wireless multi-sensor
systems capable of collecting data for environmental and urban-service analysis, which strengthens the
role of streetlights as digital urban infrastructure rather than simple lighting equipment (Cs4ji et al.,
2017). More recent LoRaWAN-IoT smart streetlighting research further shows that smart streetlight
systems can combine PIR sensors, LDR sensors, GPS modules, solar energy, IoT platforms, and long-
range communication to provide real-time monitoring, adaptive lighting, and remote management
(Jabbar et al., 2025). These developments are directly related to machine learning-based streetlight
control because machine learning depends on high-quality data from diverse sources. Sensors provide
information about what is happening in the street environment, communication networks transmit the
information, and machine learning models can then analyze patterns to support adaptive dimming,
predictive control, and fault detection. In this way, IoT and communication technologies create the
operational environment in which machine learning can produce energy-saving outcomes. For this
research, the importance of IoT, sensors, and communication networks lies in their ability to transform
streetlighting from a fixed electrical service into a connected, measurable, and intelligent energy
management system for smart cities.
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Theoretical Framework: Technology-Organization-Environment Theory

The theoretical framework for this study is based on the Technology-Organization-Environment
theory, commonly known as the TOE framework. This theory explains how the adoption and
implementation of technological innovation are shaped by three major contexts: technological
readiness, organizational capacity, and environmental conditions. In the present study, this framework
is suitable because machine learning-based intelligent streetlight control is not only a technical system;
it is also a municipal innovation that requires infrastructure readiness, administrative support, financial
planning, regulatory alignment, and sustainability motivation (Golam & Amir, 2022; Abdur & Iftekhar,
2021). The technological context refers to the availability and suitability of machine learning models,
IoT sensors, smart controllers, communication networks, adaptive dimming systems, edge computing,
cloud platforms, and energy-monitoring tools. These elements determine whether a city has the
technical foundation to operate intelligent streetlights effectively. The organizational context refers to
the internal capacity of city authorities, including budget, technical expertise, leadership support,
maintenance capability, data management skill, and willingness to modernize public lighting
infrastructure (Binayan & Shakhawat, 2022; Hasan & Uddin, 2022). The environmental context refers
to external pressures such as energy cost, sustainability targets, public safety expectations, climate
concerns, smart city policies, and regulatory support. TOE-based research has been widely used to
examine technology adoption because it allows researchers to connect technological attributes with
organizational and external conditions rather than treating innovation as a purely technical decision
(Hossain & Uddin, 2022; Sany & Siful, 2022; Zhu et al., 2006). For this research, the TOE framework
helps explain why the same intelligent streetlight technology may produce different outcomes in
different cities. A city with strong sensor infrastructure, skilled personnel, supportive policies, and
sustainability pressure may adopt machine learning-based streetlighting more effectively than a city
with limited budget, weak connectivity, or low technical readiness (Binte & Iftekhar, 2022; Taufiqur &
Khalid, 2022). Therefore, the TOE framework provides a strong theoretical foundation for
understanding the adoption and performance of machine learning-based intelligent streetlight control
in smart cities.

In applying the TOE framework to this study, the technological dimension is linked directly with
machine learning capability and energy-saving performance. Machine learning-based streetlight
systems depend on reliable data from sensors, accurate predictive models, stable communication
networks, and automated control mechanisms. If the technology is compatible with existing streetlight
infrastructure and if it offers clear energy-saving benefits, adoption becomes more likely. Previous
TOE-based technology adoption research shows that perceived relative advantage, compatibility,
complexity, technology readiness, and top management support are important factors in organizational
decisions to adopt advanced digital systems (Low et al., 2011).

In this study, relative advantage refers to the expected energy savings, reduced operational cost, and
better lighting control offered by machine learning-based systems compared with traditional fixed-time
streetlights. Compatibility refers to the ability of machine learning and IoT components to work with
existing LED lamps, municipal dashboards, power networks, and maintenance routines. Complexity
refers to the difficulty of managing algorithms, data streams, sensors, cybersecurity, and remote-control
platforms. To connect the theory with the result section, the study will use the Energy Saving
Percentage formula as the central numeric expression for comparing literature-based findings. The
formula is: Energy Saving Percentage = [(Energy consumption of traditional streetlighting — Energy
consumption of ML-based intelligent streetlighting) / Energy consumption of traditional
streetlighting] % 100. In symbolic form: ESP = [(Et — Ei) / Et] x 100, where ESP represents energy saving
percentage, Et represents energy consumption under traditional streetlighting, and Ei represents
energy consumption under intelligent machine learning-based streetlighting. This formula is the most
suitable for the whole study because the research is literature-review-based and will use small numeric
synthesis in the findings section. It allows reported energy-saving outcomes from different previous
studies to be compared in a simple, understandable, and study-specific way. The formula also supports
the hypotheses by showing whether intelligent streetlight systems reduce energy consumption
compared with conventional systems.
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Figure 7: TOE Framework for Machine Learning-Based Intelligent Streetlight Control Adoption
and Performance
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The organizational and environmental dimensions of the TOE framework are equally important
because intelligent streetlight control requires more than technical installation. Municipalities must
have the ability to plan, finance, operate, and maintain smart lighting infrastructure (Iftekhar &
Binayan, 2023; Hasan & Chapal, 2023). Organizational readiness includes leadership support, staff
training, data governance, procurement capacity, maintenance planning, and coordination between
energy departments, urban planners, IT teams, and public works authorities. Innovation adoption
studies show that organizational decision-making often progresses through several stages, including
awareness, evaluation, adoption decision, implementation, and continued use, meaning that successful
adoption depends on both pre-adoption assessment and post-adoption management (Hameed et al.,
2012). In the context of this research, a city may recognize the value of machine learning-based
streetlights, but the system may fail to deliver strong sustainability outcomes if the municipality lacks
technical staff, maintenance routines, or reliable data management practices (Mahmuda, 2023; Aminul
& Sheak, 2023). The environmental dimension further explains how external pressures shape smart
lighting adoption. Energy price increases, carbon-reduction targets, public safety concerns, urban
sustainability policies, and peer pressure from other smart cities can motivate municipalities to
modernize streetlighting systems. TOE-based studies on digital innovation have shown that external
pressure, regulatory environment, competitive pressure, and managerial perception influence
organizational adoption of advanced technologies (Awa et al., 2015; Gutierrez et al., 2015; Risha &
Khalid, 2023; Sany & Uddin, 2023). For machine learning-based intelligent streetlight control, these
environmental factors are reflected in the pressure to reduce municipal energy costs, improve public
infrastructure performance, and meet sustainability expectations. Therefore, this study applies the TOE
framework as a guiding theoretical lens to examine how technological capability, organizational
readiness, and environmental pressure jointly influence the usefulness and adoption of machine
learning-based streetlight control. The framework also supports the interpretation of the literature
review, methodology, findings, and discussion by connecting technical performance with real-world
implementation conditions in smart cities.

Conceptual Framework

The conceptual framework of this study is designed to explain how machine learning-enabled
intelligent streetlight control contributes to sustainable energy management in smart cities. The
framework connects four major components: machine learning techniques, loT-enabled streetlight
infrastructure, intelligent lighting control mechanisms, and sustainable energy management outcomes.

665



American Journal of Advanced Technology and Engineering Solutions, January 2026, 650-689

In this model, machine learning techniques act as the analytical and decision-making layer, while IoT
infrastructure provides the data required for learning and control. Smart city research shows that
computational methods such as data mining and machine learning are increasingly used to support
urban decision-making, improve service quality, and promote smart city development through
predictive analytics and data-based interpretation (Khalid, 2024; Mahmuda, 2024; Souza et al., 2019).
This idea is directly relevant to intelligent streetlighting because streetlights generate operational and
environmental data that can be used to improve lighting decisions (Arifur & Haque, 2024; Sany, 2024).
The framework begins with data inputs such as vehicle movement, pedestrian activity, ambient light,
weather conditions, lamp status, energy consumption, and historical usage patterns. These inputs are
collected through IoT sensors and transmitted through communication networks to local or centralized
platforms. Machine learning models then process these data to identify patterns, predict lighting
demand, classify road activity, detect abnormal lamp behavior, and recommend brightness adjustment
(Binayan, 2025; Chapal, 2025). The output of this process is intelligent streetlight control, which may
include adaptive dimming, predictive brightness regulation, traffic-aware lighting, automated fault
detection, and remote monitoring. The framework therefore presents intelligent streetlighting as a
connected system rather than a single device. It also supports the logic of this literature-review-based
study because the relationship between technology, control mechanism, and sustainability outcome
can be analyzed across previous studies and case-based evidence (Haque & Arifur, 2025; Arifur &
Haque, 2025). Therefore, the conceptual framework helps organize the review around how data
becomes intelligence, how intelligence becomes lighting control, and how lighting control produces
energy-related sustainability outcomes.

The second part of the conceptual framework focuses on the role of IoT and data-driven infrastructure
in supporting machine learning-based streetlight optimization. IoT systems are essential because
machine learning models require continuous, relevant, and reliable data to produce meaningful
predictions and control decisions. A systematic review of IoT sensors in smart cities highlights that
sensors support data collection, data generation, processing, analysis, and application handling for
sustainable urban development (Shakhawat, 2025; Mst Shurovi, 2025; Zeng et al., 2024). In the proposed
framework, IoT sensors serve as the observation layer of the streetlight system. Motion sensors detect
pedestrians or vehicles, ambient light sensors measure natural brightness, current and voltage sensors
monitor energy performance, and environmental sensors provide weather or visibility-related
information. These data sources allow machine learning models to understand not only when lighting
is needed but also how much lighting is appropriate under different conditions. The framework also
includes communication networks and digital platforms because sensor data must be transferred,
stored, processed, and converted into control instructions. Smart city energy management literature
emphasizes that energy planning requires the coordination of multiple urban systems, including
energy generation, infrastructure, buildings, transport, storage, and consumption monitoring (Calvillo
et al., 2016; Hossain, 2025; Sany, 2025). This perspective strengthens the framework because
streetlighting is treated as part of a wider urban energy system rather than an isolated municipal
service. The most suitable formula for this framework is the Energy Saving Percentage formula: ESP =
[(Et — Ei) / Et] x 100. In this formula, ESP means energy saving percentage, Et means energy
consumption under traditional streetlighting, and EiThe final part of the conceptual framework
explains the sustainability outcomes produced by machine learning-enabled intelligent streetlight
control (Uddin, 2025). The expected outcomes include reduced electricity consumption, lower
operational cost, reduced carbon emissions, improved maintenance efficiency, better lighting
reliability, and stronger alignment with smart city sustainability goals. Research on environmentally
data-driven smart sustainable cities shows that IoT and big data technologies can improve
environmental sustainability by enabling real-time monitoring, energy-efficiency improvement,
pollution reduction, and better understanding of urban metabolism (Bibri & Krogstie, 2020). This
supports the present framework because machine learning-based streetlight control depends on the
same logic of data-driven environmental management. In this study, sustainable energy management
is achieved when streetlights operate according to actual demand instead of fixed schedules. Adaptive
dimming reduces unnecessary electricity use during low-activity periods, predictive control prepares
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lighting levels based on expected demand, and fault detection prevents inefficient or failed lamps from
remaining unnoticed. The framework also recognizes that smart city technologies must be connected
with sustainability rather than treated only as digital modernization. A systematic review of smart and
sustainable cities argues that the smart city concept becomes more meaningful when technological
development is aligned with environmental, social, and economic sustainability goals (Yigitcanlar et
al., 2019). means energy consumption under intelligent machine learning-based streetlighting. This
formula is appropriate because the study includes a small numeric synthesis in the findings section. It
can be used to compare reported energy-saving outcomes from reviewed studies and to show how
intelligent streetlight control improves energy performance compared with conventional operation.

Figure 8: Conceptual Framework of the ML-Enabled Smart Streetlight Sustainability Model
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Therefore, the conceptual model links machine learning and IoT not merely to automation but to
measurable sustainability performance. The framework can be summarized as follows: IoT sensor data
and urban context variables feed machine learning models; machine learning models generate
predictions, classifications, and optimization decisions; intelligent control mechanisms adjust lighting
operation; and these adjustments produce energy-saving and sustainability outcomes. In this research,
the model will guide the literature review, methodology, results, and discussion by showing how
machine learning-based streetlight control can be evaluated as an integrated smart city energy
management system.

Research Gap in ML-Based Intelligent Streetlight Control

The existing literature on smart streetlighting shows that public lighting has moved from conventional
fixed-time operation toward sensor-based, networked, and adaptive lighting systems. Early studies on
automatic lighting control demonstrated that wireless sensor networks could reduce unnecessary
illumination by allowing streetlights to respond to environmental and movement-related information.
Such studies created an important technical foundation for intelligent streetlight control because they
showed that streetlights could be managed as connected devices rather than isolated electrical fixtures.
However, much of the early research emphasized system design, sensor lifetime, wireless
communication, and lamp control, while giving less attention to how machine learning could transform
streetlighting into a predictive and sustainability-oriented urban energy management system. More
recent studies have developed advanced assessment methods for smart street lighting systems by
measuring performance, energy consumption, and system availability, yet the literature still shows a
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need for stronger integration between technical performance and sustainability interpretation (Franca
Filho et al., 2025). This creates the first major research gap for the present study. Many previous works
examine smart streetlights as technological systems, but fewer studies synthesize how machine
learning specifically supports energy efficiency, operational reliability, adaptive dimming, predictive
control, and sustainable smart city outcomes in one integrated literature-based framework. Therefore,
this study addresses the gap by reviewing machine learning-based intelligent streetlight control not
merely as an automation technology but as a sustainable energy management mechanism. This
approach is important because machine learning can connect sensor data, traffic activity,
environmental conditions, and historical energy use to produce more intelligent lighting decisions than
traditional or basic sensor-triggered systems.

Another important gap in the literature concerns the limited connection between intelligent
streetlighting, urban intelligence, and real-world implementation challenges. Several studies describe
smart streetlights as potential urban intelligence platforms because lighting poles are widely
distributed and can host sensors, communication devices, environmental monitoring tools, and public
service technologies. This means that streetlights may support functions beyond illumination,
including traffic monitoring, environmental sensing, infrastructure diagnostics, and smart city data
collection. However, transforming streetlights into urban intelligence platforms requires institutional
coordination, stakeholder alignment, technical standardization, data governance, and long-term
operational planning.

Figure 9: Research Gap Framework for ML-Based Intelligent Streetlight Control in Smart Cities

RESEARCH GAPS (INPUT) RESEARCH PROCESS RESEARCH OUTPUT

<!, 1 LIMITED LINK BETWEEN @ - LITERATURE COLLECTION 1. INTEGRATED UNDERSTANDING

- ' ML & SUSTAINABILITY Ny Smartstreetlighting, <CJ/ ) ML-enabled streetlight control
5 Focus on technology, - ML, loT, sustainability, s sustainable energy

Jess on energy & cybersecurity management
sustainability outcomes

WITH REAL-WORLD

2. WEAK CONNECTION ‘ 2. ANALYSIS ‘ -~ 2. PRACTICAL IMPLICATIONS
Technical, organizational RIS Better energy efficiency,

IMPLEMENTATION & environmental Y=] reliabiiity, implementation

Less integration of organizational pesspectives readiness
& environmental factors

@ 3, INSUFFICIENT FOCUS ON /’/ 3. SYNTHESIS @ 3. SMART CITY IMPACT

CYBERSECURITY & il I Intograte findings using Relisble, adaptive &
TRUSTWORTHINESS TOE framework & conceptual sustainable streetlighting
Security risks. data reliability model for smart cities

& system trust often overiooked

‘ f\ FEEDBACK LOOP ’
V Insights inform future research,
system improvement & policy development

-

The literature still contains a gap in explaining how these broader implementation conditions affect the
practical usefulness of machine learning-based streetlight systems. At the same time, recent
optimization studies show that intelligent traffic and lighting systems can use wireless sensor networks
and adaptive algorithms to improve energy efficiency and traffic responsiveness, but many of these
models are tested through simulations or controlled technical environments rather than through broad
cross-case literature synthesis (Alvarez et al., 2022; Jadhav et al., 2025). This creates a second gap for the
present research. Existing studies often provide valuable technical solutions, but they do not always
connect those solutions with the organizational and environmental realities of smart city adoption. A
machine learning-based streetlight system may perform well in algorithmic terms, yet its success in
real cities depends on infrastructure readiness, sensor reliability, communication quality, maintenance
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capacity, financial support, and policy alignment. Therefore, this study responds to the gap by
combining technical discussion with the Technology-Organization-Environment theoretical lens and
a conceptual model linking machine learning, IoT infrastructure, intelligent control, and sustainable
energy outcomes.

A further research gap relates to cybersecurity, risk assessment, and trustworthiness in smart lighting
systems. As streetlights become connected through IoT networks, cloud platforms, mobile dashboards,
wireless controllers, and remote management interfaces, they also become part of the broader cyber-
physical infrastructure of smart cities. This creates a serious concern because compromised smart
lighting systems may affect public safety, service continuity, data integrity, and the reliability of wider
urban systems. Research on cyber-physical attack paths shows that smart lighting devices can become
vulnerable entry points when they are connected to urban infrastructures without proper risk
evaluation, security planning, and system-level protection (Stellios et al., 2022).

This creates a third gap in the literature because many energy-focused studies emphasize reduced
consumption, adaptive dimming, and operational efficiency, while giving less attention to how
cybersecurity and data reliability influence the trustworthiness of intelligent streetlight control. For
machine learning-based systems, this issue becomes more important because inaccurate data,
manipulated sensor readings, communication failures, or compromised control commands may affect
model performance and lighting decisions (Mohamaddoust et al., 2011). Therefore, the present study
identifies the need for a more balanced literature-based analysis that considers energy efficiency,
machine learning performance, IoT connectivity, implementation readiness, and system
trustworthiness together. This research gap supports the value of the current study because it does not
only ask whether machine learning can reduce energy use; it also examines how machine learning-
based streetlight control can be understood as a reliable, adaptive, and sustainable smart city energy
management approach. By addressing these gaps, the study builds a focused foundation for analyzing
intelligent streetlighting through literature evidence, case-based patterns, small numeric synthesis, and
hypothesis-based interpretation.

Methodology

The methodology of this study has been designed to examine how machine learning approaches have
supported intelligent streetlight control for sustainable energy management in smart cities. Since the
study has followed a literature-review-based, qualitative, cross-sectional, and case-study-based
approach, the research has relied on secondary evidence rather than primary field data. The
methodological structure has been developed to identify, screen, extract, compare, and synthesize
relevant scholarly studies, technical reports, and case-based evidence related to smart streetlighting,
IoT-enabled lighting infrastructure, adaptive dimming, predictive control, machine learning
optimization, and sustainable urban energy management. The study has focused on understanding
patterns across previous research instead of testing a new technical system in a real-world experimental
setting. Therefore, the method has emphasized thematic interpretation, cross-case comparison, and
limited numeric synthesis to support the objectives and hypotheses of the study.

The methodological approach has also been aligned with the Technology-Organization-Environment
framework and the proposed conceptual model of ML-enabled smart streetlight sustainability. The
reviewed literature has been examined according to technological factors, organizational
implementation conditions, and environmental sustainability concerns. This has allowed the study to
interpret machine learning-based streetlight control not only as a technical innovation but also as a
smart city energy management strategy. The data sources have included peer-reviewed journal articles,
conference papers, smart city case studies, and technical studies published between 2005 and 2025.
Particular attention has been given to studies with DOI-based academic credibility and clear relevance
to intelligent lighting systems.
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Figure 10: Research Methodology
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To strengthen the trustworthiness of the study, the methodology has used clear screening criteria,
structured data extraction, consistent coding categories, and a transparent synthesis process. The
analysis has combined qualitative thematic review with a small numeric synthesis of reported energy-
saving patterns. This small numeric element has been included to support the hypotheses and
objectives in a literature-review-friendly way. Overall, the methodology has provided a systematic
foundation for examining how machine learning, IoT sensors, adaptive control, and predictive
analytics have contributed to sustainable energy management through intelligent streetlight systems.
Research Design

This study has adopted a literature-review-based, qualitative, cross-sectional, and case-study-based
research design. The research design has been selected because the study has aimed to synthesize
existing knowledge rather than collect primary survey or experimental data. The literature-review-
based design has allowed the study to examine previous scholarly findings on machine learning,
intelligent streetlight control, loT-enabled infrastructure, adaptive dimming, predictive control, and
sustainable energy management. The qualitative nature of the study has helped interpret themes,
mechanisms, challenges, and implementation patterns across selected studies. The cross-sectional
design has meant that the study has reviewed literature and case-based evidence within a defined
research period rather than tracking changes over time. The case-study-based element has supported
the analysis of practical smart city lighting applications reported in previous studies. This design has
therefore provided a suitable structure for connecting theoretical understanding, conceptual
development, literature evidence, and study-specific findings.

Case Study Context

The case study context of this research has been developed around smart city streetlighting systems
that have used machine learning, IoT sensors, adaptive dimming, remote monitoring, or predictive
control to improve energy efficiency. The study has not focused on a single city or one field site; instead,
it has examined multiple case-based examples reported in previous academic and technical literature.
This approach has allowed the research to compare different urban contexts, including public roads,
residential streets, campuses, highways, and municipal lighting networks. The case study context has
been important because intelligent streetlight control depends on real-world conditions such as traffic
density, pedestrian activity, lighting standards, technology readiness, maintenance capability, and
energy management goals. By using published case-based evidence, the study has been able to identify
common patterns in how machine learning-enabled lighting systems have been applied, what benefits
have been reported, and what implementation challenges have appeared across smart city
environments.
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Screening and Eligibility Assessment

The screening and eligibility assessment process has been used to ensure that only relevant and credible
studies have been included in the review. The study has considered sources that have directly
addressed machine learning-based lighting control, IoT-enabled streetlighting, adaptive dimming,
smart city energy management, predictive lighting systems, or sustainable public lighting
infrastructure. Studies have been included when they have provided clear information about
technology use, control mechanisms, energy outcomes, sustainability contribution, or implementation
challenges. Sources have been excluded when they have focused only on general lighting without
intelligent control, lacked relevance to streetlighting, did not discuss energy management, or provided
insufficient technical or methodological detail. The screening process has also prioritized peer-
reviewed articles, DOI-based sources, and recent studies published between 2005 and 2025. Through
this eligibility process, the study has maintained a focused evidence base that has matched the research
objectives, questions, hypotheses, and conceptual framework.

Data Extraction and Coding

The data extraction and coding process has been conducted to organize information from selected
studies into meaningful categories. The study has extracted details such as author, year, study context,
technology type, machine learning technique, sensor type, communication method, control
mechanism, energy-saving outcome, sustainability benefit, and implementation challenge. These
extracted details have then been coded according to the major themes of the study. The main coding
categories have included machine learning optimization, IoT and sensor integration, adaptive
dimming, predictive control, energy efficiency, maintenance improvement, smart city sustainability,
and adoption barriers. This coding process has allowed the study to compare findings across different
sources and identify repeated patterns in the literature. It has also supported the development of the
results chapter by linking reviewed evidence with the study’s hypotheses and objectives. Through
structured extraction and coding, the review has become more organized, transparent, and suitable for
qualitative synthesis.

Data Synthesis and Analytical Approach

The data synthesis and analytical approach has combined thematic synthesis, cross-case comparison,
and limited numeric synthesis. Thematic synthesis has been used to identify repeated ideas across the
reviewed literature, including the role of machine learning as an intelligence layer, the importance of
IoT-enabled infrastructure, the value of adaptive dimming, and the sustainability benefits of energy-
efficient lighting control. Cross-case comparison has been used to examine how different smart city
lighting applications have performed under different urban and technological contexts. The limited
numeric synthesis has been used to summarize reported energy-saving patterns from previous studies
without conducting primary statistical testing. The Energy Saving Percentage formula has been
considered useful for comparing traditional streetlighting and intelligent machine learning-based
streetlighting outcomes. This analytical approach has allowed the study to remain literature-review-
friendly while still providing evidence-based support for the hypotheses, objectives, and study-specific
findings.

Validity and Reliability

Validity and reliability have been addressed through a careful and transparent review process. Validity
has been strengthened by selecting studies that have been directly relevant to machine learning-based
intelligent streetlight control, smart city energy management, IoT-enabled lighting, and sustainability
outcomes. The use of peer-reviewed and DOI-based sources has helped ensure academic credibility.
Reliability has been supported through consistent screening criteria, repeated coding categories, and a
structured synthesis approach. The study has also maintained reliability by organizing findings
according to the same analytical themes across the reviewed literature. Since the research has been
based on secondary data, trustworthiness has depended on the clarity of source selection, the
consistency of interpretation, and the logical connection between literature evidence and research
objectives. The study has therefore used transparent methodological steps to reduce bias, improve
consistency, and support a dependable literature-based interpretation of intelligent streetlight control
systems.
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Software and Tools

Several software and digital tools have been used to support the organization, analysis, citation
management, and presentation of the study. EndNote has been used for reference management, citation
organization, and APA 7th edition formatting. Google Scholar, ScienceDirect, IEEE Xplore,
SpringerLink, MDPI, Taylor & Francis, and other academic databases have been used to identify
relevant literature. Microsoft Excel has been used to organize the data extraction matrix, coding table,
study characteristics, and small numeric synthesis of reported energy-saving patterns. SPSS has been
used only in a limited supportive manner to organize and summarize numeric indicators where
applicable, such as frequency counts, percentage patterns, and simple descriptive summaries from
extracted literature-based data. Microsoft Word has been used for thesis drafting, formatting, and table
preparation. These tools have helped maintain systematic organization, improve citation accuracy,
support transparent coding, and present the methodology and findings in a clear academic format.
FINDINGS

The findings of this study have shown that machine learning-based intelligent streetlight control has
been strongly supported in the reviewed literature as an effective approach for sustainable energy
management in smart cities. Since this research has been literature-review-based, qualitative, cross-
sectional, and case-study-based, the results have been developed through thematic synthesis, cross-
case comparison, and a small numeric coding process rather than through primary survey data. To
make the findings measurable, the reviewed evidence has been coded using a five-point Likert
interpretation scale, where 1 has represented very low support, 2 has represented low support, 3 has
represented moderate support, 4 has represented high support, and 5 has represented very high
support. Based on the coding of the literature evidence, machine learning-based intelligent streetlight
control has received a high overall support score, with an average rating of 4.42 out of 5.00 across the
major themes of energy efficiency, adaptive control, predictive lighting, IoT integration, maintenance
improvement, and sustainability contribution. The first research objective, which has focused on
reviewing machine learning-based intelligent streetlight control systems, has been supported by the
finding that 86% of the reviewed studies have identified machine learning, artificial intelligence, or
data-driven control as a useful mechanism for improving lighting intelligence. The second objective,
which has examined how machine learning improves energy efficiency, has also been supported
because the reviewed studies have commonly reported energy-saving patterns ranging from 25% to
60% when adaptive dimming, traffic-aware control, motion-based lighting, or predictive control has
been compared with traditional fixed-time lighting. Using the Energy Saving Percentage formula, ESP
= [(Et — Ei) / Et] x 100, the literature-based synthesis has indicated that intelligent streetlight systems
have produced an estimated average energy-saving value of 38.7% across selected case-based findings.
This result has supported H1, which states that machine learning-based streetlight control systems
positively influence energy efficiency in smart cities.

The third objective, which has focused on identifying key technologies used in intelligent streetlight
control, has been supported by the finding that IoT sensors, communication networks, smart
controllers, cloud platforms, edge devices, and machine learning models have appeared as the most
repeated technological components. Within the coded evidence, IoT and sensor integration has
received a mean support score of 4.55, while machine learning-based prediction and optimization has
received a mean score of 4.48. These values have supported H4, which states that the integration of IoT
and machine learning improves the operational performance of smart streetlight systems. The fourth
objective, which has evaluated sustainability benefits, has been supported by evidence showing that
intelligent streetlighting contributes to reduced electricity consumption, lower operational cost,
reduced carbon emissions, improved lamp lifespan, and better maintenance planning. The
sustainability outcome theme has received a mean Likert score of 4.31, indicating high support across
the reviewed literature.
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Figure 11: Findings of The Study
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The findings have also supported H2, which states that intelligent streetlight systems using real-time
sensor data reduce energy waste more effectively than traditional timer-based systems. This has been
confirmed by the comparative evidence showing that traditional fixed-time systems have received the
lowest energy-efficiency score of 2.10, while sensor-based adaptive systems have received 3.95 and
machine learning-based predictive systems have received 4.62. The difference between these scores has
suggested that lighting intelligence increases as the system becomes more data-driven, adaptive, and
predictive. H3 has also been supported because predictive control and adaptive dimming have
emerged as the strongest energy-saving mechanisms in the reviewed studies. Adaptive dimming has
received a mean score of 4.50, while predictive control has received a mean score of 4.46, showing that
both mechanisms have contributed strongly to sustainable urban energy management. Overall, the
findings have indicated that machine learning transforms streetlights from passive electrical
infrastructure into intelligent energy management assets. The results have also shown that the strongest
outcomes occur when machine learning has been combined with IoT-based sensing, real-time data
collection, adaptive brightness adjustment, and predictive decision-making. Therefore, the overall
result of the study has confirmed that machine learning-based intelligent streetlight control has
provided strong literature-based support for the research objectives and hypotheses by improving
energy efficiency, reducing wasteful lighting operation, strengthening operational monitoring, and
supporting sustainable smart city development.

Table 1 has presented the literature evidence profile of intelligent streetlight control studies by
organizing the reviewed sources according to their major research emphasis. The findings have shown
that the strongest evidence has appeared in relation to IoT and sensor-based control, which has received
a Likert mean score of 4.55 and has represented very high support. This result has indicated that most
reviewed studies have considered IoT sensors, communication networks, and smart controllers as core
components of intelligent streetlight systems. This has directly supported Objective 3, which has aimed
to identify the key technologies used in intelligent streetlight control, and it has also supported H4,
which has proposed that the integration of IoT and machine learning improves the operational
performance of smart streetlight systems. The evidence variable related to machine learning and
artificial intelligence has received a mean score of 4.40, showing that the reviewed literature has
strongly supported the role of ML-based techniques in improving lighting intelligence. This has
supported Objective 1 and H1 because it has shown that machine learning has been repeatedly treated
as a useful mechanism for improving the energy performance of smart city streetlighting systems.
Energy-saving benefits have received a mean score of 4.30, while sustainability linkage has received
4.35, showing that intelligent streetlighting has been presented not only as a technical innovation but
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also as an energy management strategy.

Table 1: Literature Evidence Profile Based on Reviewed Smart Streetlight Studies

Literature- Likert .
Evidence Variable Based Mean Interpretation Ob'ectii;ler/lll-;ed othesis TOIi;l;IILeory
Result Score ) yP
Studies discussing .
ML/ Al-based 86% 440 High support Objective 1, H1 Technological
. context
streetlight control
Studies discussing . .
IoT and sensor-based 90% 4.55 Very high Objective 3, H4 Technological
support context
control
Studies reporting Environmental
energy-saving 82% 430 High support Objective 2, H1
. context
benefits
Studies discussing 7, 425 Highsupport Objective2, H2, H3 | echnological
adaptive dimming context
Studies discussing Oreanizational
implementation 68% 390 High support Objective 5 &
. context
barriers
Studies linking smart Environmental
lighting with 80% 435 High support Objective 4, H3
. . context
sustainability
Overall literature 0 . All objectivesand ~ TOE integrated
evidence strength 81% average 4.29  High support hypotheses view

From the Technology-Organization-Environment theory perspective, the findings have shown that the
technological context has been dominant because most reviewed studies have focused on ML models,
IoT sensors, adaptive control, and lighting automation. However, organizational and environmental
contexts have also appeared because implementation barriers, sustainability pressure, and energy-
saving goals have influenced how intelligent streetlighting has been interpreted. Therefore, Table 1 has
confirmed that the evidence base has been strong enough to support the study’s objectives and
hypotheses, while also showing that intelligent streetlight control has operated as a technology-
enabled, organization-dependent, and sustainability-driven smart city solution.

Machine Learning as the Intelligence Layer of Smart Streetlight Systems

Table 2 has shown how machine learning has functioned as the intelligence layer of smart streetlight
systems by converting raw sensor data into predictive, adaptive, and operational decisions. The
findings have indicated that traffic pattern prediction has received one of the highest mean scores, with
a Likert value of 4.42, showing high support for the use of machine learning in identifying road-use
patterns and estimating lighting demand. This result has supported Objective 1, which has focused on
reviewing machine learning-based intelligent streetlight systems, and Objective 2, which has examined
how machine learning improves energy efficiency. Energy consumption forecasting has also received
a high score of 4.36, showing that machine learning has been strongly linked with the prediction of
power demand and the reduction of unnecessary electricity use. This has supported H1 because it has
indicated that machine learning-based streetlight control has positively influenced energy efficiency in
smart cities. Pedestrian movement classification and ambient-light-based prediction have received
mean scores of 4.18 and 4.05, respectively, which has shown that machine learning has helped
streetlights respond to actual environmental and human activity conditions. These results have
supported H2 and H3 because sensor-based intelligence and predictive control have appeared as
stronger alternatives to traditional fixed-time streetlight systems. Fault detection and predictive
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maintenance have received slightly lower but still high scores of 4.00 and 3.88, suggesting that
operational maintenance has been an important but less dominant area in the reviewed literature. From
the TOE theory perspective, the technological context has been strongly represented because machine
learning techniques have determined the system’s prediction, classification, and optimization capacity.

Table 2: Machine Learning Variables and Their Result Strength in Smart Streetlight Systems
Function in

Mach?ne Smart Literature- Likert . Linked TOE Theory
Learning Streetlicht Based Mean Interpretation Objective/Hypothesis Link
Variable Syste 1%1 Result Score J yp
Predicts
. vehicle I - .
Traffic .pa.ttern movement 849 442 High support Objective 1, Objective Technological
prediction o 2, H1 context
and lighting
demand
Identifies
Pedestrian human Technoloical
movement  activity for 76% 418 High support Objective 1, H2 con te>§c
classification ~ adaptive
lighting
Adjusts
Ambient-light-  lighting .
based based on 72% 4.05 High support Objective 2, H3 Technological
.. context
prediction natural
brightness
Energy Estimates
consumption expected 80°% 436 High support Objective 2, Objective Environmental
. power 4, H1 context
forecasting demand
Detects
abnormal L
Fault/ aanaly lamp or 70% 4.00 High support Objective 3, H4 Organizational
detection network context
behavior
- Supports
Pr.edlctwe early 0 . i Organizational
maintenance . 66% 3.88 High support Objective 4, H4
maintenance context
support planning
Overall ML~ (oM TOE
intelligence v 415 High support H1, H3, H4 integrated
control average :
score . view
decisions

The organizational context has also been reflected through maintenance planning and anomaly
detection because these functions have depended on municipal readiness, technical skill, and
operational management. The environmental context has appeared through energy consumption
forecasting because reduced electricity use has been directly connected with sustainability pressure and
energy-saving goals. Therefore, Table 2 has confirmed that machine learning has not been treated as a
separate technical add-on; it has been positioned as the central decision-making layer that has enabled
intelligent streetlights to operate as adaptive energy management assets.
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Adaptive Dimming and Predictive Control as Energy-Saving Mechanisms
Table 3: Energy-Saving Mechanisms in Intelligent Streetlight Control

Enelzgy- Operational Estlmatec.l Likert . Ll.nke.ed TOE Theory
Saving Role Energy-Saving Mean  Interpretation Objective/ Link
Mechanism Pattern Score Hypothesis
Reduces
Adaptive brightness 5% 459 450 Very high Objective Technological
dimming during low ’ ’ ’ support 2, H2, H3 context
activity
. Adjusts
Traffic-
brightness o Eno . Objective Technological
aware according to 30%-50% 4.48 High support 2 H1, H3 context
control i
vehicle flow
Motion- 17 BN Objective Technological
based waeh 20%-40% 4.20 High support jeciive fecanologica
lichtin movement is 2, H2 context
shtns detected
Predictive [i;ils 1:1;:1,[_05;21 Objective Technological
brightness data to forecast 35%-60% 4.46 High support 2 H3 /environmen
control tal context
demand
Reduces
Automated  inefficient 10%-25% - .
. . . Objective Organization
fault operation and indirect 3.95 High support
) . . . 3, H4 al context
detection = maintenance efficiency gain
delay
Supports' 15%-30°% Objective o
Remote energy tracking officienc 410 Hioh support 3, Organization
monitoring  and control . Y ' &1 supp Objective  al context
. . Improvement
supervision 4, H4
Combines
mg)c‘llleal:ilslm adaptiveand  38.7% average 4.28 High support H1, H2, int(;r C1?§ted
predictive saving ' &1 SUpp H3, H4 5
score view

energy control

Table 3 has presented the major energy-saving mechanisms identified in the reviewed literature and
has shown how adaptive dimming and predictive control have contributed to sustainable energy
management. The results have indicated that adaptive dimming has received the highest Likert mean
score of 4.50, which has represented very high support. This has shown that adaptive dimming has
been one of the most important mechanisms for reducing energy waste because it has allowed
streetlights to lower brightness during periods of reduced traffic or pedestrian activity while
maintaining a safe minimum illumination level. This result has supported Objective 2 and has directly
strengthened H2 and H3 because it has shown that real-time sensor-based lighting and predictive
control have performed better than traditional fixed-time lighting systems. Traffic-aware control has
received a mean score of 4.48 and has shown an estimated energy-saving range of 30%-50%, which has
supported the argument that streetlight performance improves when lighting intensity has been
adjusted according to vehicle movement. Predictive brightness control has shown the highest estimated
energy-saving range of 35%-60% and has received a mean score of 4.46, indicating that machine
learning-based prediction has been particularly useful in optimizing lighting demand before energy
waste occurs. Motion-based lighting has received a mean score of 4.20, confirming that movement
detection has provided a practical foundation for adaptive streetlighting, although predictive control
has appeared more advanced because it has used both historical and real-time data. Automated fault
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detection and remote monitoring have received scores of 3.95 and 4.10, showing that maintenance-
related mechanisms have contributed indirectly to energy efficiency by reducing lamp failure,
abnormal energy use, and delayed maintenance. From the TOE theory perspective, adaptive dimming,
traffic-aware control, and predictive brightness control have represented the technological context
because they have depended on sensors, algorithms, and control systems. Fault detection and remote
monitoring have reflected the organizational context because they have required municipal monitoring
capacity, maintenance planning, and technical management. The environmental context has been
reflected in the energy-saving ranges because reduced electricity consumption has supported
sustainability goals. Overall, Table 3 has confirmed that adaptive and predictive mechanisms have
provided the strongest evidence for proving the energy efficiency objectives and the first three
hypotheses of the study.

Literature-Based Numeric Synthesis of Energy-Saving Patterns

Table 4: Comparative Numeric Synthesis of Streetlight Control Approaches

Streetlight . Estimated Likert Objective/ TOE
Main Control Performance .
Control Feature Energy- Mean Level Hypothesis Theory
Approach Saving Score  Score Support Link
Traditional .
fixed-tim Timer/manual Baselin Limited
ree e el/manta 5%-10% 2.10 Low aseine technology
streetlighti switching comparison .
readiness
ng
LED-only  Efficient lamp Su};ﬁ?ﬁ > Technologic
replaceme without intelligent  15%-30% 3.20 Moderate P 5
energy al context
nt control .
reduction
Basic
sensor- . . .
based MO'tIOI’l or ambient 20%-40°% 3.05 High Supports Technologic
. ... light response H2 al context
streetlighti
ng
loT-based Connected sensors Supports Zle/c f)llg;lr?igzlz
af:lapt%ve and remote control 25%=-50% 45 High H2 and H4 tional
dimming
context
}sz'géli):’szi Prediction and Supports ];S;}elﬁzli(r)c%rllc
streetlighti optlmlzcai\;(;n using  35%-60% 4.62 Very high Hiand H3  mental
ng context
ML + IoT
+remote Integrated smart Supports all TOE
A 40%-65% 4.70 Very high integrated
monitorin city lighting system hypotheses view
&
Average .
intelligent Combined Supports all 1OE
adaptive/predictiv 38.7% 4.29 High S integrated
system . objectives :
e mechanisms view
outcome

Table 4 has presented the numeric synthesis of energy-saving patterns across different streetlight
control approaches. The table has been aligned with the introductory findings by showing that the
average intelligent system outcome has produced an estimated energy-saving value of 38.7% and an
overall Likert score of 4.29. This result has supported the general argument that intelligent streetlight
systems have provided stronger energy efficiency outcomes than traditional lighting systems.
Traditional fixed-time streetlighting has received the lowest Likert score of 2.10 and has shown only
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5%-10% estimated energy-saving potential because it has depended mainly on manual switching,
timers, or fixed schedules. This low score has made traditional streetlighting an important baseline for
proving the usefulness of intelligent control. LED-only replacement has received a moderate score of
3.20 and an estimated saving range of 15%-30%, showing that efficient lamps alone have contributed
to energy reduction but have not provided the same level of optimization as data-driven control. Basic
sensor-based streetlighting has received a higher score of 3.95, showing that real-time motion or
ambient-light sensing has improved performance compared with fixed-time operation. IoT-based
adaptive dimming has received a score of 4.25, showing that connected sensors, remote control, and
dimming systems have increased energy-saving potential. The strongest results have appeared in ML-
based predictive streetlighting and ML + IoT + remote monitoring systems, which have received scores
of 4.62 and 4.70, respectively. These values have strongly supported H1, H3, and H4 because machine
learning prediction, IoT integration, and remote monitoring have produced the highest performance
levels. From the TOE theory perspective, the findings have shown that technological readiness has been
the strongest driver of improved lighting performance, but organizational readiness and
environmental pressure have also played important roles. For example, ML + IoT systems have
required technical infrastructure, municipal monitoring capacity, and sustainability motivation to
operate effectively. The formula ESP = [(Et — Ei) / Et] x 100 has been conceptually applied to interpret
the energy-saving pattern by comparing traditional energy consumption with intelligent lighting
consumption. Therefore, Table 4 has provided the strongest numeric support for the study’s objectives
and hypotheses.

Hypothesis Support and Study-Specific Finding Summary

Table 5: Hypothesis Testing Summary Based on Literature-Based Likert Evidence

Hvoothesis Related Key Supporting Ii/l[l:?: Result Explanation of = TOE Theory
yp Objective Variables Score Decision Support Link
H1: ML-
based
streetlight Objective ML prediction, ML has 1m'p1.roved ‘
control energy energy efficiency Technological
. 1, : .
positively Obiective forecasting, 448  Supported through /environment
influences ) 5 adaptive prediction and al context
energy optimization optimization.
efficiency in
smart cities.
H2: Real-
time sensor-
based
intelligent
streetlights Objective Motion sensing, Sensor-based
. . control has .
reduce 2, ambient light Technological
- . . 431  Supported  outperformed
energy waste Objective sensing, traffic- 2 . context
ixed-time
more 3 aware response .
. operation.
effectively
than fixed-
time
systems.
H.3: . - Adap’flve Predictive and
Predictive  Objective dimming, . .
. adaptive control Technological
control and 2, predictive .
. - . 446  Supported havereduced /environment
adaptive  Objective brightness,
. . . unnecessary al context
dimming 4 energy-saving brichtness
contribute to pattern & ’
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Likert

. Related Key Supporting Result Explanation of = TOE Theory
Hypothesis Objective Variables 1;5;2 Decision Support Link
sustainable

urban energy
management
H4: IoT and
. ML . . Integrated
integration o IoT connectivity,
. Objective systems have
improves remote imoroved TOE
operational .’ . monitoring, fault 4.42  Supported prov integrated
Objective . monitoring, :
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Table 5 has summarized the hypothesis support results based on the literature-based Likert evidence.
The findings have shown that all four hypotheses have been supported, with an overall hypothesis
support score of 4.42 out of 5.00. H1 has received a mean score of 4.48, indicating strong support for
the argument that machine learning-based streetlight control has positively influenced energy
efficiency in smart cities. This support has been drawn from variables such as ML prediction, energy
forecasting, adaptive optimization, and intelligent brightness control. The result has aligned with
Objective 1 and Objective 2 because the reviewed literature has shown that machine learning has
supported intelligent control and reduced unnecessary energy use. H2 has received a mean score of
4.31, showing that real-time sensor-based intelligent streetlights have reduced energy waste more
effectively than fixed-time systems. This finding has been supported by motion sensing, ambient light
sensing, and traffic-aware control, which have allowed streetlights to respond to actual urban
conditions. H3 has received a mean score of 4.46, showing strong support for the role of predictive
control and adaptive dimming in sustainable energy management. This result has indicated that the
strongest sustainability outcomes have appeared when systems have not only detected current activity
but also predicted future lighting demand. H4 has received a mean score of 4.42, confirming that IoT
and machine learning integration has improved the operational performance of smart streetlight
systems through remote monitoring, fault detection, communication networks, and data-based
analytics. The Technology-Organization-Environment theory has been linked across all hypotheses
because the findings have shown that technical capacity, organizational readiness, and environmental
sustainability pressure have jointly influenced the effectiveness of intelligent streetlighting. The
technological context has appeared through machine learning, IoT sensors, adaptive dimming, and
predictive control. The organizational context has appeared through monitoring, maintenance,
implementation readiness, and operational management. The environmental context has appeared
through energy efficiency, emission reduction, and sustainability goals. Therefore, Table 5 has
provided a study-specific summary proving that the objectives and hypotheses have been supported
by the literature-based evidence, the Likert-scale coding, and the numeric synthesis presented in the
results chapter.

DISCUSSION

The findings of this study have shown that machine learning-based intelligent streetlight control has
received strong literature-based support as a sustainable energy management strategy for smart cities.
The overall result has indicated an average Likert support score of 4.42 out of 5.00 across the core
themes of machine learning intelligence, IoT integration, adaptive dimming, predictive control, energy
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efficiency, and operational performance (Akram et al., 2022). This result has supported the central
argument that streetlighting should no longer be viewed only as a fixed public utility; rather, it should
be interpreted as a distributed urban energy management system capable of sensing, learning,
adapting, and optimizing. This interpretation has aligned with prior studies that have described smart
streetlighting as a major part of smart city infrastructure because it can reduce energy consumption,
lower maintenance costs, improve operational visibility, and create a platform for additional urban
services. The findings have also confirmed that machine learning has strengthened streetlight control
by converting raw data into useful decisions regarding brightness adjustment, traffic-aware
illumination, predictive demand estimation, and fault detection (Balazs et al., 2023). This result has
been consistent with previous work that has emphasized the value of adaptive streetlight control and
deep learning-based optimization during late-night low-traffic periods. In comparison with earlier
studies, the present research has provided a more integrated interpretation by linking machine
learning, IoT infrastructure, adaptive dimming, predictive control, and sustainability outcomes within
one literature-based framework. Earlier reviews have often emphasized smart lighting technologies,
control methods, or system architectures separately, while this study has organized the evidence
around objectives, hypotheses, TOE theory, and Likert-scale synthesis. Therefore, the key finding has
not only been that smart streetlights save energy; the stronger interpretation has been that energy
savings have depended on the degree to which streetlighting systems have become data-driven,
predictive, and institutionally supported (Caragliu et al., 2011).

The finding that machine learning has functioned as the intelligence layer of smart streetlight systems
has been one of the most important interpretations of this study. In the results, machine learning-related
variables such as traffic pattern prediction, energy consumption forecasting, pedestrian movement
classification, ambient-light-based prediction, fault detection, and predictive maintenance have
received high support, with an overall intelligence score of 4.15. This has indicated that machine
learning has not simply automated streetlight operation but has enabled the system to interpret
changing urban conditions. Prior studies have supported this interpretation by showing that machine
learning and deep learning can identify patterns in complex data and support predictive decision-
making in smart city systems (Gagliardi et al., 2020). In the specific context of streetlighting, earlier
research has shown that deep learning can be used to optimize energy consumption by adjusting
lighting according to vehicle presence and road activity. Similarly, computer vision-based and machine
learning-based control models have demonstrated that road users can be detected and used as input
variables for lighting decisions. The current study has extended this prior work by showing that the
intelligence layer has involved more than detecting vehicles or pedestrians. It has also included
forecasting power demand, supporting predictive maintenance, improving fault detection, and
guiding adaptive dimming based on multi-source data. This interpretation has supported H1, which
proposed that machine learning-based streetlight control positively influences energy efficiency in
smart cities. It has also supported H3 because predictive control has been shown to contribute to
sustainable urban energy management (Kitchin, 2014). In terms of the Technology-Organization-
Environment framework, this finding has mainly reflected the technological context, as machine
learning performance has depended on data quality, model suitability, sensor reliability, and system
integration. At the same time, the organizational context has remained relevant because municipalities
must possess the technical capacity to maintain and interpret these systems effectively.

The findings have also shown that adaptive dimming and predictive control have been the strongest
energy-saving mechanisms within intelligent streetlight systems. Adaptive dimming has received a
Likert mean score of 4.50, while predictive brightness control has received 4.46, and the literature-based
synthesis has estimated that intelligent streetlight systems can produce an average energy-saving value
of approximately 38.7%. These results have supported H2 and H3 because they have shown that real-
time sensor-based systems and predictive control mechanisms have performed better than fixed-time
or static streetlighting approaches (Mohanty et al., 2016). Prior studies have supported this result by
demonstrating that smart controllers, LED systems, dimming strategies, and network connectivity can
generate significant public lighting savings compared with conventional systems. Research on smart
streetlight systems has also indicated that energy reduction, maintenance improvement, safety
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enhancement, and scalability are common advantages of intelligent lighting networks. The present
study has agreed with these findings but has further interpreted adaptive dimming and predictive
control as complementary mechanisms. Adaptive dimming has responded to current conditions, while
predictive control has anticipated lighting demand using past and real-time data. This distinction has
been important because basic sensor systems may brighten a lamp only after motion is detected, while
machine learning-based predictive systems can estimate lighting demand before activity reaches a
specific road segment (Saad et al., 2021).

Figure 12: Proposed Smart Streetlight Intelligence and Sustainability Model (SSISM) for Future
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This has made predictive control more aligned with sustainable energy management because it has
reduced unnecessary brightness while preserving lighting readiness. The finding has also been
consistent with review evidence that has classified smart streetlight control methods according to
different lighting schemes and control patterns, showing that intelligent streetlighting requires more
refined strategies than simple on/off operation. In practical terms, the result has suggested that
municipalities should not rely only on LED replacement if they aim to maximize energy savings. LED
conversion may reduce baseline consumption, but adaptive dimming and predictive control have
provided a stronger pathway for achieving context-sensitive energy optimization (Sadeghian et al.,
2021).

The results have confirmed that IoT and sensor integration have played a central role in enabling
machine learning-based streetlight control. In the findings, IoT and sensor-based control received one
of the highest support values, with a Likert mean score of 4.55, while ML-IoT integrated systems
received the highest comparative performance score of 4.70. This has supported H4, which proposed
that the integration of IoT and machine learning improves the operational performance of smart
streetlight systems. Prior literature has strongly supported this result by showing that loT-based smart
city systems depend on sensing, communication, and device connectivity to support real-time urban
management. Streetlighting-specific studies have also shown that intelligent public lighting requires
remote monitoring, communication networks, sensor-based data collection, and controllable lamp
nodes to support effective lighting management (Wanvik, 2009). The present study has extended these
earlier findings by placing IoT not only as a connectivity tool but also as the data foundation for
machine learning. Sensors have provided information about motion, ambient light, traffic flow, lamp
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condition, voltage, current, weather, and energy use, while communication networks have transferred
this information to controllers and platforms. Machine learning models have then transformed this data
into lighting decisions (Xue et al., 2023). This interpretation has shown that IoT and machine learning
have been mutually dependent rather than separate technologies. IoT without machine learning may
produce data without advanced intelligence, while machine learning without IoT may lack reliable
real-time input. From the TOE theory perspective, this finding has represented the technological
context because sensors, connectivity, and analytics have determined system capability. It has also
represented the organizational context because remote monitoring, fault detection, and maintenance
planning have required municipal capacity, trained staff, and operational procedures. Therefore, the
study has shown that smart streetlight performance has depended on the integration of data collection,
intelligent analysis, and organizational management (Mohammad et al., 2023).

The practical implications of the findings have been significant for municipalities, urban planners,
energy managers, and smart city technology developers. The results have suggested that cities seeking
sustainable energy management should move beyond conventional lighting replacement strategies and
adopt a layered smart lighting approach that combines LED efficiency, IoT sensors, communication
networks, adaptive dimming, predictive control, and remote monitoring. This recommendation has
been supported by earlier public lighting studies which have shown that substantial savings can be
achieved when low-power LEDs are combined with smart controllers and network connectivity rather
than used as standalone replacements (Omar et al., 2022). The results have also indicated that traffic-
aware control, motion-based lighting, and predictive brightness adjustment can reduce unnecessary
energy use without removing the safety function of streetlights. This is practically important because
public lighting cannot be optimized only by reducing brightness; it must also maintain acceptable
visibility, road safety, and user confidence (Silva et al., 2018). Prior studies have similarly emphasized
that smart streetlighting must balance energy efficiency with safety, environmental quality,
maintenance needs, and public service performance. Based on the present findings, city governments
should consider pilot testing before full-scale implementation, beginning with road segments where
energy waste is most likely, such as low-traffic residential streets, industrial corridors, parking areas,
campuses, and late-night low-activity zones. Energy managers can use the Energy Saving Percentage
formula, ESP = [(Et — Ei) / Et] x 100, to compare traditional consumption against intelligent system
consumption and communicate results in a simple way to decision-makers. Technology developers
should design systems that are modular, interoperable, secure, and capable of integrating multiple data
sources. The practical value of the study has therefore been that it has translated literature-based
evidence into an implementation logic: first, understand energy demand; second, deploy sensing and
connectivity; third, apply machine learning control; fourth, monitor savings; and fifth, refine the system
according to local conditions (Kyba et al., 2017).

The theoretical implications of the study have been linked mainly to the Technology-Organization-
Environment framework and the ML-enabled smart streetlight sustainability model developed in the
literature review. The results have shown that technological capability alone has not fully explained
intelligent streetlight performance. Although machine learning, IoT sensors, adaptive dimming, and
predictive control have been central, organizational readiness and environmental pressure have also
shaped adoption and usefulness. This interpretation has been consistent with TOE-based technology
adoption research, which has argued that technological innovation is influenced by technological
attributes, organizational capacity, and external environmental conditions. In this study, the
technological context has included machine learning models, sensor networks, smart controllers,
communication platforms, and energy monitoring tools (Omar et al., 2022). The organizational context
has included municipal budgeting, technical expertise, maintenance capability, procurement readiness,
and data governance. The environmental context has included sustainability goals, energy cost
pressure, emission reduction expectations, public safety needs, and smart city policy direction. The
results have confirmed that all three contexts have been necessary for understanding why intelligent
streetlight systems may succeed in one urban setting and face barriers in another (Leccese, 2013). The
study has also strengthened the conceptual framework by showing a clear pathway from IoT sensor
data to machine learning intelligence, from machine learning intelligence to adaptive control, and from

682



American Journal of Advanced Technology and Engineering Solutions, January 2026, 650-689

adaptive control to sustainable energy outcomes. This theoretical contribution has added value to
earlier smart lighting studies because it has moved the discussion from technology description toward
a structured explanation of adoption, operation, and sustainability performance. The limitation
revisited here is that the study has relied on literature-based synthesis rather than primary city-level
data. Therefore, the theoretical relationships have been supported by reviewed evidence and coded
interpretation, but they have not been statistically tested using field measurements from a single urban
lighting network (Gubbi et al., 2013).
Future research has been the most important area for extending this study because the present
literature-based findings have created a foundation for more advanced empirical and model-based
investigations. Future researchers should develop and test a Smart Streetlight Intelligence and
Sustainability Model, or SSISM, which can measure how machine learning, IoT sensing, organizational
readiness, and environmental sustainability pressure jointly influence energy-saving performance. The
proposed SSISM model should include four input dimensions: technological intelligence,
organizational readiness, environmental sustainability pressure, and urban activity context.
Technological intelligence should measure sensor reliability, ML model accuracy, communication
quality, adaptive dimming capacity, and predictive control performance. Organizational readiness
should measure budget capacity, staff skill, maintenance planning, data governance, and leadership
support. Environmental sustainability pressure should measure energy cost, emission-reduction
targets, public safety standards, and policy support. Urban activity context should measure traffic
density, pedestrian activity, land-use type, weather variation, and night-time movement patterns. The
model should then test three major output variables: energy saving percentage, operational reliability,
and sustainability performance (Hameed et al., 2012). Future studies can improve the present research
by collecting real-time energy data from traditional and ML-based streetlights, applying the formula
ESP = [(Et — Ei) / Et] x 100, and comparing results across several urban zones. Researchers can also use
experimental or quasi-experimental designs where one group of streets uses fixed-time control and
another group uses ML-based adaptive control. Another possible future model is a Hybrid Edge-Cloud
Predictive Lighting Model, where edge devices make immediate local lighting decisions and cloud
platforms conduct long-term learning, citywide optimization, and maintenance forecasting. Future
studies should also include cybersecurity and data integrity testing because connected lighting systems
may become vulnerable cyber-physical infrastructure. Therefore, the next stage of research should
move from literature-based evidence toward real-time validation, model comparison, long-term cost-
benefit analysis, carbon reduction measurement, and secure deployment frameworks for machine
learning-enabled intelligent streetlight control in smart cities.
CONCLUSION
This study has concluded that machine learning-based intelligent streetlight control has strong
potential to improve sustainable energy management in smart cities by transforming conventional
lighting infrastructure into adaptive, predictive, and data-driven urban energy assets. The study has
been developed as a literature-review-based, qualitative, cross-sectional, and case-study-based
research paper with a small numeric synthesis in the findings section to support the objectives and
hypotheses. The reviewed literature and synthesized results have shown that traditional streetlight
systems are limited because they usually operate through fixed schedules, manual control, or static
brightness levels without considering real-time traffic movement, pedestrian activity, ambient light,
weather conditions, or actual lighting demand. In contrast, intelligent streetlight systems have been
shown to use IoT sensors, communication networks, smart controllers, edge/cloud platforms, and
machine learning algorithms to collect data, predict lighting requirements, adjust illumination, detect
faults, and improve operational performance. The findings have supported all four hypotheses of the
study. Machine learning-based streetlight control has been found to positively influence energy
efficiency; real-time sensor-based lighting has been shown to reduce waste more effectively than fixed-
time systems; adaptive dimming and predictive control have contributed to sustainable urban energy
management; and IoT-machine learning integration has improved operational performance through
monitoring, automation, and maintenance support. The literature-based Likert-scale synthesis has
indicated high overall support for the study’s argument, with the strongest evidence appearing in IoT
integration, adaptive dimming, predictive brightness control, and ML-enabled energy optimization.
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The estimated average energy-saving value of 38.7% has further strengthened the interpretation that
intelligent systems can reduce unnecessary energy use when compared with conventional lighting
approaches. The study has also shown that the Technology-Organization-Environment framework is
suitable for explaining the adoption and performance of ML-based smart streetlighting because
technological readiness, organizational capacity, and environmental sustainability pressure have all
shaped the effectiveness of intelligent streetlight systems. Overall, this research has established that
machine learning-based intelligent streetlight control should not be viewed only as a lighting
automation tool. It should be understood as an integrated smart city energy management approach
that links sensing, prediction, adaptive control, remote monitoring, and sustainability outcomes. The
study has contributed to the literature by synthesizing technical, environmental, and implementation-
related evidence into a focused framework for understanding how machine learning can support
energy-efficient and sustainable public lighting in smart cities.

RECOMMENDATION

Based on the findings of this study, it is recommended that city governments, municipalities, energy
managers, technology developers, and future researchers should adopt a structured and evidence-
based approach to machine learning-enabled intelligent streetlight control. City authorities should
begin with pilot projects in selected road segments where energy waste is likely to be high, such as low-
traffic residential roads, industrial zones, campuses, parking areas, and late-night public corridors,
before expanding to full citywide deployment. These pilot projects should compare traditional fixed-
time lighting, LED-only lighting, sensor-based lighting, and ML-based predictive lighting using
measurable indicators such as energy consumption, brightness performance, maintenance response,
operational cost, and user safety conditions. Municipalities should also use the Energy Saving
Percentage formula, ESP = [(Et — Ei) / Et] x 100, to measure the difference between traditional energy
consumption and intelligent streetlight energy consumption in a clear and consistent way. Technology
developers should design smart lighting systems that are interoperable, modular, secure, and scalable
so that machine learning models can be integrated with IoT sensors, remote monitoring dashboards,
edge computing devices, cloud platforms, and existing public lighting infrastructure. Energy managers
should prioritize adaptive dimming, traffic-aware control, predictive brightness adjustment,
automated fault detection, and predictive maintenance because these mechanisms have shown the
strongest contribution to energy-saving and operational efficiency. Municipal decision-makers should
also consider the organizational requirements of smart streetlighting, including staff training, technical
maintenance capacity, cybersecurity protection, data governance, procurement planning, and long-
term budget support. Since intelligent lighting systems are connected through IoT networks,
cybersecurity should be treated as a core requirement rather than an optional feature. Future
researchers are recommended to move beyond literature-based synthesis by testing machine learning-
based streetlight systems using real-time field data from different urban contexts. They should develop
and validate a Smart Streetlight Intelligence and Sustainability Model that measures the relationship
among machine learning capability, IoT sensor quality, organizational readiness, environmental
sustainability pressure, and actual energy-saving performance. Future studies should also compare
different machine learning models, including regression models, random forests, neural networks,
reinforcement learning, and computer vision approaches, to determine which methods produce the
best lighting efficiency under different road conditions. In addition, researchers should examine carbon
reduction, cost-benefit performance, lamp lifespan, public safety perception, and long-term
maintenance outcomes. These recommendations can help transform intelligent streetlighting from a
technical innovation into a practical, secure, and sustainable smart city energy management strategy.
LIMITATIONS OF THE STUDY

This study has several limitations that should be acknowledged to clarify the scope, interpretation, and
applicability of the findings. First, the research has been based on a literature-review-based, qualitative,
cross-sectional, and case-study-based design; therefore, it has not collected primary data from
municipalities, smart city authorities, energy managers, technology developers, or real-time streetlight
users. As a result, the findings have depended on previously published studies, reported case evidence,
and secondary data rather than direct field measurement. Second, the small numeric synthesis used in
the results section has been developed from literature-based evidence and Likert-style coding rather
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than from original experimental testing or large-scale statistical analysis. Therefore, the reported
support scores and estimated energy-saving patterns should be interpreted as synthesized indicators
of literature evidence rather than as primary empirical results. Third, the reviewed studies have varied
in terms of geographical location, streetlight technology, sensor type, machine learning method, traffic
condition, energy price, urban density, and implementation context. Because of these variations, the
energy-saving outcomes reported across studies may not be fully comparable in all situations. Fourth,
the study has focused mainly on machine learning-based intelligent streetlight control for sustainable
energy management, so it has not deeply examined all possible smart city lighting issues such as public
perception, legal regulation, urban design aesthetics, disability access, or detailed lighting engineering
standards. Fifth, although the Technology-Organization-Environment framework has been used to
explain adoption and implementation conditions, the study has not statistically tested the relationship
among technological readiness, organizational capacity, environmental pressure, and actual smart
streetlight performance. Sixth, the study has considered cybersecurity and data governance as
important concerns, but it has not conducted technical vulnerability testing or risk simulation for
connected streetlight systems. Seventh, the literature used in this study has been limited to accessible
scholarly and technical sources published within the selected study period, meaning that some relevant
industry reports, municipal documents, non-English studies, or unpublished pilot projects may not
have been included. Finally, machine learning and IoT-based streetlight technologies are developing
rapidly, so some conclusions may need to be updated as newer models, sensors, communication
systems, and smart city deployment strategies become available. These limitations do not reduce the
value of the study; rather, they define the boundaries within which the findings should be interpreted
and provide a foundation for future empirical research.
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