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ABSTRACT

Lighting systems constitute a significant share of building energy demand while simultaneously affecting visual comfort, circadian
regulation, cognitive performance, and occupant well-being. Despite rapid advances in smart building technologies and adaptive
illumination systems, the literature remains fragmented regarding the integration of optimization intelligence, interoperable
Internet of Things (IoT) infrastructures, and event-driven automation frameworks within unified human-centric lighting
environments. This study presents a systematic bibliometric and thematic review of smart indoor lighting research published
between 2015 and 2024, following the PRISMA 2020 framework across Scopus, Web of Science, and IEEE Xplore. From an initial
corpus of 5,529 records, 30 studies satisfied the final inclusion criteria requiring simultaneous reporting of quantitative
performance outcomes alongside explicitly defined control or automation mechanisms. Bibliometric analyses using MATLAB and
VOSviewer revealed strong growth in adaptive lighting and IoT-enabled infrastructures, with Annual Average Growth Rates
reaching 9.2% for occupant-centred lighting, 7.3% for energy-oriented lighting, and 13.9% for sensing and communication
infrastructures. However, metadata-level integration between hyper-heuristics, interoperable IoT middleware, and Event—
Condition—Action (ECA) and IFTTT automation remained extremely limited, with a mean Jaccard co-occurrence coefficient of only
0.018, indicating weak cross-domain coupling. Thematic metrics show uneven adoption: Equivalent Melanopic Lux (EML) is
reported in 20% of core studies, Circadian Stimulus (CS) in 27%, while Unified Glare Rating (UGR) remains under-reported at 13.3%,
highlighting a methodological gap in visual comfort assessment. The findings demonstrate that smart indoor lighting research
continues to evolve through disconnected disciplinary trajectories rather than cohesive intelligent control ecosystems. This review
proposes a conceptual integration framework and future research roadmap aimed at supporting interoperable, energy-efficient,
and human-centric lighting systems capable of simultaneously optimizing automation performance, occupant comfort, and non-
visual health outcomes within intelligent indoor environments.

Keywords: smart indoor lighting, human-centric lighting, Internet of Things, hyper-heuristics, event—condition—action
automation, energy-efficient buildings

1. INTRODUCTION

Lighting systems continue to represent a substantial proportion of
electricity demand in contemporary buildings, particularly within
educational facilities, office environments, healthcare spaces, and
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high-occupancy indoor settings [1]. This persistent energy burden
has intensified research efforts directed towards intelligent control
strategies capable of reducing operational consumption while
maintaining acceptable environmental quality for occupants [2]. In
parallel, the emergence of Human-Centric Lighting (HCL) has
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significantly transformed the conceptual basis of indoor
illumination design. Rather than treating lighting exclusively as a
visual engineering requirement defined by fixed illuminance
thresholds, HCL frames lighting as a dynamic environmental
variable that influences visual perception, circadian regulation,
cognitive performance, emotional state, and overall occupant
wellbeing [3,4].

This study adopts the following conceptual framework:
Human-Centric Lighting (HCL) refers to illumination strategies
that prioritize visual, circadian, and emotional well-being [3]. The
Internet of Things (IoT) enables interoperable, cyber-physical
lighting infrastructures via protocols such as Zigbee, DALI, and
MQTT [5]. Event—Condition—Action (ECA) and IFTTT represent
rule-based automation paradigms that trigger predefined
responses upon sensor-detected events [6]. Hyper-heuristics (HH)
are supervisory optimization algorithms
lower-level heuristics (e.g., GA, PSO) to manage multi-objective
trade-offs [7]. Building upon these definitions, the transition to
HCL has fundamentally altered the optimization logic
underpinning modern lighting research: indoor lighting systems
are now understood as multi-objective systems operating under
competing technical, physiological, and behavioural constraints,
requiring simultaneous reconciliation of electricity reduction,
visual comfort, daylight utilization, circadian-effective exposure,
and user satisfaction [8]. Energy performance is commonly
assessed through metrics such as lighting energy use intensity
(EUI), demand reduction, or operational savings, whereas
comfort-related evaluation increasingly incorporates subjective
user response and biologically informed indicators [9,10,11].

The rapid development of the IoT has further accelerated this
transformation by redefining lighting infrastructures as
interconnected cyber-physical ecosystems rather than isolated
electrical subsystems [12]. In current smart-building
environments, distributed sensing networks continuously capture
occupancy conditions, daylight availability, temporal patterns,
environmental changes, and user preferences, translating these
data streams into real-time actuation commands that dynamically
regulate luminaires, shading systems, or spectral output [13].
Beyond IoT-enabled architectures provide
additional advantages through device interoperability, scalable
deployment, decentralized monitoring, and automated data
acquisition for calibration and self-configuration processes
[14,15,6]. Within such intelligent infrastructures, interoperability
has emerged as a critical operational requirement, with
heterogeneous indoor environments frequently incorporating
devices from different manufacturers operating across multiple
communication standards [16]. ECA paradigms have therefore
gained increasing attention as practical mechanisms for
coordinating cross-platform automation. Widely popularized
through platforms such as IFTTT, these architectures enable rapid
implementation of adaptive lightweight
supervisory automation across otherwise incompatible systems

that orchestrate

responsiveness,

behaviours and

[17]). Although ECA logic is extensively deployed within
consumer-oriented smart-home ecosystems, its integration into
research-oriented indoor lighting optimization remains
comparatively underdeveloped, particularly when combined with
advanced adaptive decision-making procedures [6,18].

Despite these advances, many existing lighting-control
strategies remain constrained by limited adaptability.
Conventional methods—including fixed scheduling,
occupancy-triggered switching, and static daylight thresholds—
often perform inadequately in environments characterized by
fluctuating daylight conditions, irregular occupancy patterns,
diverse behavioural preferences, and spatially heterogeneous
usage profiles [19]. Such approaches may reduce energy demand
under predictable conditions, yet they frequently fail to sustain
optimal comfort and operational responsiveness within dynamic
real-world environments [20]. In response to these limitations,
optimization research has increasingly explored higher-level
adaptive frameworks capable of managing complex and conflicting
objectives. Hyper-heuristics represent one such direction,
operating at a supervisory level by selecting, adapting, or
generating lower-level heuristics during the optimization process
itself [7]. HHs were prioritized in this review for three reasons.
First, their supervisory nature is conceptually matched to the
multi-objective complexity of human-centric lighting. Second,
existing reviews have extensively covered Deep Reinforcement
Learning (DRL) and Model Predictive Control (MPC) [21,22], but no
review has specifically examined HH orchestration in lighting.
Third, the sensitivity analysis conducted in this study revealed that
HH terminology remains critically under-represented in lighting
metadata, warranting systematic investigation. Within lighting
applications, low-level optimization techniques commonly include
Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Simulated Annealing (SA), Ant Colony Optimization (ACO), and
Differential Evolution (DE) [23,24], which HH systems can
dynamically orchestrate according to performance feedback to
improve convergence behaviour and solution quality [25].

However, although IoT-enabled sensing infrastructures and
HH-oriented optimization approaches
substantially within the broader smart-lighting literature, their
explicit convergence within interoperable ECA-based automation
environments remains weakly represented in peer-reviewed
research [26]. This gap is particularly important because integrated
architectures could simultaneously provide global multi-objective
optimization and local real-time responsiveness, with HH systems
managing long-term optimization while ECA rules govern
immediate event-driven responses [27]. While the absence of HH in
metadata may partly reflect poor reporting practices rather than
genuine technical absence, the systematic investigation of this gap
remains essential for understanding both documentation and
integration deficiencies in the field. The importance of such
integration becomes especially evident in contemporary indoor
settings characterized by operational diversity and technological

have each evolved
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heterogeneity, where isolated optimization or standalone
automation strategies are insufficient for addressing practical
complexities [28,29,30,31,32]. Against this background, the
present review addresses five interconnected objectives: mapping
the contemporary research landscape; evaluating the role of IoT
infrastructures;  investigating  ECA/IFTTT  incorporation;
identifying structural gaps limiting integration; and proposing a
conceptual direction for future integrated smart-lighting systems.
By synthesizing these dimensions within a unified analytical
framework, this review contributes a structured foundation for
advancing intelligent indoor lighting research beyond fragmented
technological development towards coherent, interoperable, and

human-responsive system architectures.

2. METHODOLOGY

To investigate the fragmented relationship between human-centric
lighting, optimization-driven control, interoperable IoT
infrastructures, and event-oriented automation, this study adopted
a three-layer methodological framework designed to combine
rigorous evidence retrieval with quantitative mapping of
technological convergence [33]. The methodology conceptualized
the domain as a composite research ecosystem spanning energy
engineering, environmental psychology, cyber-physical systems,
building automation, and computational optimization.

2.1 Three-Layer Analytical Architecture

The review process integrated three interconnected analytical
layers. The first layer, bibliometric mapping and network analysis
[34,35], utilized the expanded Scopus thematic corpus comprising
1,752 records for publication trend analysis, keyword co-occurrence
mapping, author collaboration networks, and country-level
knowledge distribution [36]. This layer addresses the structural
organization of the research field. The second layer, systematic
evidence selection, followed the PRISMA 2020 framework [37] (see
Supplementary Material S7 for the completed checklist) to identify
and screen studies meeting stringent eligibility criteria, resulting
in a core dataset of 30 studies that simultaneously report
quantitative performance outcomes together with explicitly
defined control or automation mechanisms. The third layer,
qualitative thematic synthesis, involved analysing the full texts of
the 30 core studies to extract integration patterns, identify
technological configurations, characterize implementation gaps,
and synthesize quantitative performance outcomes [38]. Figure 1
illustrates the complete methodological workflow, depicting the
thematic query formulation to corpus
construction, bibliometric processing, and final gap synthesis.

transition from

2.2. Conceptual Decomposition of the Research Space

Because smart indoor lighting research encompasses
heterogeneous disciplinary traditions, the search strategy was
structured around five thematic blocks designed to preserve

conceptual precision while enabling broad coverage of the
literature [39]. The five-block decomposition was theoretically
grounded in the functional architecture of intelligent lighting
systems, following the ISO/IEC 30141:2018 IoT Reference
Architecture [40] and the IEEE P2668.1-2020 standard for IoT
maturity assessment [41]. Block A represents the human-centric
objective  layer, encompassing  occupant-centred
circadian-oriented lighting systems that define what the system
aims to achieve. Block B represents the energy-efficiency objective
layer, addressing energy-aware lighting optimization and what the
system aims to minimize. Block C represents the computational
decision layer, covering high-level heuristic and hyper-heuristic
optimization methods that determine how the system optimizes.
Block D represents the communication and sensing layer,
addressing  IoT-enabled  sensing and
infrastructures that define how the system perceives and acts.
Block E represents the automation coordination layer, covering
and ECA/IFTTT-oriented
architectures that define how the system executes.

Hyper-heuristics were selected not as a conventional review
subject, but as a litmus test for architectural maturity. Unlike DRL,
which requires extensive training data, and MPC, which relies on
precise physical models, HH is inherently designed for dynamic
orchestration of multiple sub-heuristics—a requirement directly
analogous to managing the conflicting objectives (energy versus
comfort versus circadian health) in smart lighting [7]. The absence
of HH in the metadata is therefore treated as quantitative evidence
of a missing control layer, rather than a mere research gap.

Searches were conducted in three major bibliographic
databases—Scopus, Web of Science Core Collection, and IEEE
Xplore—selected because together they provide extensive coverage
across engineering, computer science, environmental design, and
building technologies [42]. The retrieval period extended from
January 2015 to December 2024, with the inclusion of Early Access
publications assigned a 2025 publication date where complete
bibliographic metadata were available at the time of retrieval. This
approach is consistent with the growing practice of including
early-access publications in systematic reviews to capture the most
current research. Only peer-reviewed research articles, conference
papers, and scholarly book chapters were considered eligible.
English and Spanish publications were included to reduce linguistic
bias and broaden international representation.

Table 1 presents the thematic decomposition strategy. As shown
in the table, Blocks C and E yielded zero results under the strict
Scopus retrieval syntax. This outcome should not be interpreted as
evidence that research integrating heuristic optimization or
event-driven automation with indoor lighting systems is entirely
non-existent; rather, it indicates that such relationships remain
weakly articulated at the metadata level and are difficult to capture
using narrowly constrained bibliographic expressions. The
zero-yield outcome motivated the sensitivity analysis described in
Section 2.4, where broader and semantically expanded search
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Figure 1. Integrated Methodological Workflow Adopted for the Bibliometric Review. The figure illustrates the three-layer analytical architecture: Layer 1
(Bibliometric Mapping and Network Analysis) utilizing the expanded Scopus thematic corpus (n = 1,752); Layer 2 (Systematic Evidence Selection) following
the PRISMA 2020 framework to produce the Core 30 dataset; and Layer 3 (Qualitative Thematic Synthesis) analysing the full texts of the 30 core studies. The
workflow depicts the transition from thematic query formulation to corpus construction, bibliometric processing, and final gap synthesis. Abbreviations:
PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses; MMAT, Mixed Methods Appraisal Tool.

formulations were employed to identify implicit or indirectly
reported cross-domain relationships.
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Table 1. Classification of bibliometric search domains, metadata retrieval expressions, and corresponding scopus-indexed publication volumes (2015-2024).

*

Analytical Research Domain Metadata Retrieval Expression (Title—Abstract—Keyword) Scopus

Block Yield

Block A Human-oriented and biologically (""human-centric lighting" OR "circadian lighting" OR "adaptive 907
responsive lighting systems lighting" OR "visual comfort'")

Block B Energy-responsive illumination and ("energy efficient lighting" OR "energy saving lighting' OR "lighting 517
efficiency optimization optimization")

Block C Advanced heuristic and metaheuristic (""hyperheuristic" OR "hyper-heuristic' OR metaheuristic*) AND 0
optimization frameworks (lighting OR "illumination control")

Block D IoT-enabled sensing, communication, ("Internet of Things" OR IoT OR Zigbee OR DALI OR MQTT OR KNX) AND 328
and device interoperability ("smart lighting" OR "indoor lighting"")

Block E Rule-driven automation and ("IFTTT" OR "if this then that" OR "event-condition-action" OR 0

event-triggered control architectures

"rule-based automation") AND (lighting OR "indoor lighting")

* Strict query results. Expanded query results for Blocks C and E are provided in the sensitivity analysis (Section 2.4).

2.3. PRISMA-based retrieval and evidence selection

The identification and screening procedure followed the PRISMA
2020 framework [37] (see Supplementary Material S7 for the
completed checklist) to ensure methodological transparency and
reproducibility. The inclusion criteria were intentionally restrictive
to isolate studies positioned at the intersection of intelligent
lighting control, measurable performance outcomes,
automation-enabled operation. Eligible studies therefore had to
satisfy all of the following conditions: publication between 2015
and 2024 (or Early Access 2025 with complete metadata);
peer-reviewed article, conference contribution, or scholarly book
chapter; written in English or Spanish; explicit focus on indoor
lighting systems; and reporting of at least one quantitative
outcome related to energy, visual comfort, circadian response, or
user satisfaction. The exclusion criteria eliminated studies focused

and

exclusively on outdoor lighting, purely conceptual discussions
lacking empirical or simulation evidence, non-peer-reviewed
technical documents, and publications whose full text could not be
obtained.

The final retention of 30 studies from an initial 5,529 records,
representing 0.54% of the initial corpus, reflects the outcome of a
deliberately restrictive eligibility framework designed to isolate
studies at the intersection of intelligent lighting control,
measurable performance outcomes, and automation-enabled
operation. This level of reduction is consistent with other
bibliometric reviews targeting interdisciplinary convergence in
engineering domains. Figure 2 presents the complete PRISMA flow
diagram, documenting the progression from initial retrieval to
final corpus inclusion.

As detailed in the flow diagram, the initial retrieval yielded 5,529
records across the three databases, comprising 1,752 from Scopus,
3,733 from Web of Science, and 44 from IEEE Xplore. After removal
of 300 duplicate records, 5,229 publications proceeded to title and
abstract screening, with 2,873 records excluded at this stage. The

remaining 2,356 reports underwent full-text eligibility assessment,
with exclusions for studies not primarily concerned with indoor or
human-centric lighting (815 studies), studies lacking optimization
or heuristic dimensions (699 studies), studies without automation,
sensing, or control infrastructure (466 studies), and non-primary
publications (346 studies). Ultimately, 30 studies satisfied all
eligibility criteria and constituted the core analytical dataset. The
numerical progression is summarized in Table 2.

2.4, Sensitivity analysis of sparse bibliographic
intersections

A structured sensitivity analysis was conducted as an integral
component of the methodological design to assess the robustness
of the retrieval strategy and test sensitivity to terminological
variation, following the PRISMA-S guidelines [43]. Three retrieval
variants were developed: a strict query corresponding to the
original Boolean formulation; an expanded query incorporating
broader semantic alternatives and synonymous terminology; and a
middleware-enriched query applied specifically to event-driven
automation and including platform-specific middleware terms
such as Node-RED, Home Assistant, and MQTT.

For the optimization-related search space represented by Block
C, the expanded query introduced additional expressions including
algorithm selection, high-level heuristic, and heuristic selection.
Table 3 summarizes the results of this sensitivity analysis.
Although expanded retrieval improved recall, with 20 records in
Scopus, 35 in Web of Science, and 12 in IEEE Xplore, only 3 studies
survived screening in Scopus, and none survived in Web of Science
or IEEE Xplore. While the average exclusion rate across databases
exceeded 85%, a more granular inspection reveals a critical insight:
Web of Science and IEEE Xplore retained zero studies from Block C
even after query expansion (Table 3). This complete absence in two
major databases underscores that the explicit indexed integration
of hyper-heuristic terminology with indoor lighting is not merely

https://dx.doi.org/10.15627/jd.2026.32
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Figure 2. PRISMA 2020 Flow Diagram Documenting the Sequential Literature Selection Procedure. The figure details the progression from initial retrieval
(5,529 records across Scopus, Web of Science, and IEEE Xplore) through duplicate removal (300 records excluded), title and abstract screening (2,873 records
excluded), full-text eligibility assessment (2,356 reports assessed, with 2,326 excluded for reasons specified), to final retention of 30 studies in the core
analytical dataset. Abbreviations: PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses; WoS, Web of Science; IEEE, Institute of

Electrical and Electronics Engineers.

sparse but virtually non-existent in these repositories, reinforcing
the sensitivity of the retrieval to terminological reporting practices.

A second sensitivity analysis targeted ECA-oriented automation
and IFTTT-related with
terminology including workflow automation, trigger-action, rule
engine, Node-RED, and Home Assistant. Table 4 presents the
outcomes of this analysis. Expanded retrieval yielded 143 records in
Scopus with 12 retained, 360 in Web of Science with 9 retained, and
22 in IEEE Xplore with 8 retained. Studies were classified as
relevant if they explicitly addressed rule-based automation,
event-triggered control, or middleware platforms in the context of
indoor lighting or smart building systems. The relatively low
relevance rates (ranging from 2.5% to 36.4%) reflect the broad
application of automation terminology across domains unrelated
to lighting. The sensitivity analysis demonstrated that retrieval
outcomes were highly dependent on terminology; nevertheless,
even broader formulations produced only limited numbers of
directly relevant studies, supporting the interpretation that the
indexed literature remains weakly integrated at the intersection of

control architectures additional

optimization, IoT middleware, and event-driven lighting

automation.

2.5. Metadata harmonization and semantic
categorization

Following retrieval and eligibility screening, bibliographic records
were exported from all databases in CSV and BibTeX formats and
processed using MATLAB 2025a [34]. All databases were queried on
January 15, 2025. The random seed for the verification samples was
fixed at 2025 to ensure deterministic replication. MATLAB scripts
are provided in Supplementary Material S4 with the exact
environment path. Data cleaning and harmonization were
necessary because of inconsistencies in author names, keyword
structures, and protocol terminology across databases. The
preprocessing pipeline included duplicate elimination using DOI,
title, and author matching; standardization of author identities;
harmonization of synonymous keywords and acronyms; and
normalization of technology and metric terminology. Stopword
lists, stemming rules, and deduplication protocols are provided in

https://dx.doi.org/10.15627/jd.2026.32
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Table 2. Sequential Filtration and Analytical Refinement of the Literature Corpus Based on PRISMA 2020 Procedures.

581

Review Stage Retrieval and Exclusion Outcomes Analytical Interpretation
Initial 5,529 records identified from three indexed sources: Scopus (1,752), The initial retrieval reflects the broad multidisciplinary
database Web of Science (3,733), and IEEE Xplore (44). scope of research associated with smart indoor lighting,
acquisition spanning building science, automation, energy systems,
and human-centric environmental design.
Duplicate 300 duplicate records were identified and removed. Duplicate removal reduced the corpus to 5,229 unique
removal records.
Preliminary 5,229 unique records advanced to title and abstract screening. A total Early-stage exclusions (55.0% of screened records)
screening of 2,873 studies were excluded during this phase. primarily involved studies lacking direct relevance to
process intelligent indoor lighting applications or failing to
address measurable operational outcomes.
Full-text 2,356 studies underwent detailed evaluation. Excluded studies The eligibility phase progressively isolated studies
eligibility comprised: non-indoor or non-human-centric lighting topics (815; capable of supporting cross-domain analysis between
assessment 34.6%), absence of heuristic or optimization methodologies (699; lighting performance, adaptive control, and automation
29.7%), lack of IoT or automation integration (466; 19.8%), and intelligence.
non-primary publications such as reviews or conceptual papers (346;
14.7%).
Final 30 studies satisfied all inclusion criteria and were retained for The final corpus represents a highly selective subset (1.3%
synthesis qualitative synthesis and comparative evaluation. of the 2,356 assessed reports; 0.54% of the initial 5,529
dataset records) in which lighting performance metrics,

intelligent control mechanisms, and automation
architectures were explicitly integrated and sufficiently
documented.

Table 3. Sensitivity Analysis for Heuristic Optimization and Lighting-Related Retrievals (Block C).

Database Query Variant Retrieved Retained After Screening Relevance Rate
Scopus Strict 0 0 0%

Scopus Expanded 20 3 15%

Web of Science Expanded 35 0 0%

IEEE Xplore Expanded 12 0 0%

Table 4. Sensitivity Analysis for Event-Driven Automation and Lighting Systems (Block E).

Database Query Variant Retrieved Retained After Screening Relevance Rate
Scopus Strict 0 0 0%

Scopus Expanded 143 12, 8.4%

Scopus Middleware-enriched 37 11 29.7%

Web of Science Expanded 360 9 2.5%

IEEE Xplore Expanded 22 8 36.4%

Supplementary Material S2. Keyword normalization was conducted
using a custom thesaurus file that consolidated variant
representations. For example, IoT, Internet of Things, and
internet-of-things unified as IoT; hyper-heuristic,
hyperheuristic, and HH were unified as Hyper-heuristic; DALI and
Digital Addressable Lighting Interface were unified as DALI; MQTT
and Message Queuing Telemetry Transport were unified as MQTT;
ZigBee, Zigbee, and IEEE 802.15.4 were unified as ZigBee; ECA and
Event-Condition-Action were unified as ECA; IFTTT and If This
Then That were unified as IFTTT; and reinforcement learning, RL,

were

and deep reinforcement learning were unified as RL. The complete
thesaurus file is provided in Supplementary Material S3.

After  cleaning, categorized  using
regular-expression dictionaries specifically developed for this
study. The tagging process classified publications according to four
principal dimensions: IoT and communication technologies;
optimization and heuristic families; automation and control
architectures; and performance and outcome metrics. The
classification framework included technologies such as Zigbee,
MQTT, DALI, KNX, BLE, Wi-Fi, Thread, Home Assistant, and
Node-RED; optimization approaches such as hyper-heuristics,

records were

https://dx.doi.org/10.15627/jd.2026.32
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Table 5. Illustrative coding schema for metadata harmonization and semantic categorization.

Technological Domain

Extracted Term Variants

Unified Category (Post-Normalization)

IoT Communication

"IoT", "Internet of Things", "internet-of-things"
""ZigBee", "Zigbee", "IEEE 802.15.4"
"MQTT", "Message Queuing Telemetry Transport"

"DALI", "Digital Addressable Lighting Interface"

IoT
ZigBee
MQTT

DALI

"BLE", "Bluetooth Low Energy"
"KNX", "Konnex"

Optimization Methods

"Hyper-heuristic", "hyperheuristic", "HH"

BLE
KNX

Hyper-heuristic

"Reinforcement learning", "RL", ""Deep reinforcement learning" RL

"Genetic Algorithm", "GA"

"Particle Swarm Optimization", "PSO"

"Simulated Annealing'', "SA"
Automation Frameworks "ECA", "Event-Condition-Action"
"IFTTT", "If This Then That"
"Node-RED", "nodered"
"Home Assistant", ""homeassistant"

Performance Metrics ""Circadian Stimulus", "CS"

""Melanopic Equivalent Daylight Illuminance", "m-EDI", "EML"

"Unified Glare Rating", "UGR"

"Energy Use Intensity", "EUI"

GA

PSO

SA

ECA

IFTTT
Node-RED
Home Assistant
CS

m-EDI / EML
UGR

EUI

Genetic Algorithms, Particle Swarm Optimization, Simulated
Annealing, Ant Colony Optimization, Differential Evolution,
Reinforcement Learning, Model Predictive Control, fuzzy logic, and
linear programming; automation categories including ECA, IFTTT,
rule-based control, and Model Predictive Control; and outcome
indicators related to energy, visual comfort, circadian health, and
occupant satisfaction. An illustrative excerpt of the coding
structure is provided in Table 5, while the complete tagged dataset
is available in Supplementary Material S5.

2.6.Bibliometric mapping and network analysis

2.6.1. Temporal evolution and co-occurrence
structure

Temporal publication trends were computed separately for
thematic Blocks A, B, and D, as well as for the final 30-study core
dataset. Figure 3(a—d) collectively reveal a strong increase in
publication activity after 2015, particularly within IoT-enabled and
energy-oriented lighting research.

The mean Jaccard co-occurrence coefficient was calculated using
the following formula [44]:

__|AnB|
J(A4,B) = |AUB|

(1)

where A and B represent the sets of documents containing each of
the two compared terms. Pairwise Jaccard values were computed
for each combination of IoT technologies and optimization
families, hyper-heuristics and automation frameworks, and IoT
and ECA/IFTTT. The mean of all pairwise Jaccard coefficients was
0.018. Pairwise Jaccard values are provided in Supplementary Table
S8.

To examine technological convergence, pairwise co-occurrence
matrices were generated from titles, abstracts, and keyword fields.
Figure 4(a-b) presents the co-occurrence matrices linking IoT
communication technologies optimization
approaches. Panel (a) is derived from the full Scopus thematic
corpus (n = 1,752), while Panel (b) is derived from the Core 30
dataset (n = 30). The sparse distribution observed in these figures
indicates weak explicit integration between sensing infrastructures
and optimization methods. Figure 5(a) and (b) present the
frequency-ranked distributions of these co-occurrences for Block A
and Block B, respectively.

A methodological note concerning metadata interpretation is
warranted. The co-occurrence calculations were derived exclusively
from titles, abstracts, and author keywords rather than from
full-text content. As a result, numerous studies that technically
implement specific communication protocols or optimization
methods may not explicitly report those components in indexed

and heuristic
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Figure 3. (a—d) Temporal Publication Trends for Thematic Corpora. Panel (a) presents annual publication output for the core dataset (n = 30), showing limited
activity before 2019 followed by accelerated growth after 2021, reflecting the specific composition of the core dataset rather than the broader literature. Panel
(b) combines the core dataset with Block D literature (IoT-enabled lighting), demonstrating that annual publications exceeded fifty papers during 2023-2024.
Panel (c) presents publication trajectories for occupant-centred and circadian-oriented lighting studies (Block A, n = 907). Panel (d) illustrates temporal
growth within energy-conscious lighting optimization research (Block B, n = 517). Abbreviation: IoT, Internet of Things.

metadata fields. Accordingly, low co-occurrence density should not
be interpreted as definitive evidence of absent technical
integration. Instead, it reflects weak explicit articulation of
cross-domain relationships within the bibliographic record itself.
To minimize this limitation, the final identification of research
gaps combined multiple analytical layers, including
metadata-based coupling analysis, manual full-text screening,
sensitivity testing with expanded terminology, VOSviewer network
mapping, and study-level categorical coding.

2.6.2. Bibliometric network mapping using VOSviewer

Bibliometric network visualization was conducted using VOSviewer
version 1.6.20 [35] to examine thematic structures, collaborative
research patterns, and geographic knowledge distribution across
the principal analytical corpora represented by Blocks A, B, and D.
The generated maps included keyword co-occurrence networks,
co-authorship structures,
networks. VOSviewer network visualizations were generated for
Block A, representing occupant-centred lighting; Block B,
representing energy-aware lighting systems; and Block D,
representing communication, optimization
infrastructures. These visualizations are presented and interpreted
in Section 4.1. VOSviewer maps were derived from Web of Science
data rather than Scopus because WoS provides more complete

and international collaboration

sensing, and

citation data for network visualization, including cited-reference
linking and co-citation analysis, which are essential for robust
collaboration mapping. Scopus was used for the co-occurrence
analysis because of its broader coverage and more complete
metadata for keyword extraction. The configuration parameters
used for VOSviewer mapping are summarized in Table 6. A reduced
minimum-occurrence threshold was applied to Block D keywords,
with a minimum occurrence of 3 rather than 5, to preserve
lower-frequency but technologically important platform-specific
terms.

2.7. Methodological transparency and quality
appraisal strategy

The Mixed Methods Appraisal Tool (MMAT) [45] was applied to the
30 core studies to provide a standardized quality assessment.
Studies scoring 70% or higher were considered methodologically
adequate for inclusion. This threshold was adopted consistent with
common practice in mixed-methods systematic reviews for
distinguishing higher-quality [45]). Furthermore,
sensitivity analyses using thresholds of 60% and 80% did not
change the core findings or conclusions of the review, confirming
the robustness of the selected 70% threshold. Specifically, at the
60% threshold, two additional studies scoring 65—-69% would have

studies
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Figure 4. (a—b) Metadata-Derived Co-Occurrence Matrices Linking IoT Technologies and Optimization Families. Panel (a) presents the full Scopus thematic
corpus (n = 1,752), while Panel (b) presents the Core 30 corpus (n = 30). Cell shading corresponds to row-normalized intensity values, whereas embedded
annotations represent raw co-occurrence frequencies. Panel (a) measures bibliographic co-occurrence in indexed metadata across the expanded corpus; Panel
(b) measures co-occurrence within the highly selective core dataset. The sparse distribution indicates weak explicit integration between sensing
infrastructures and optimization methods. Abbreviation: 10T, Internet of Things.

(a) Block A — Human-Centric Lighting (n = 907) (b) Block B — Energy-Conscious Lighting (n = 517)
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IoT = Internet of Things; BLE = Bluetooth Low Energy; GA = Genetic Algorithm; PSO = Particle Swarm Optimisation; SA = Sil g;
RL = Reinforcement Learning; MQTT = Message Queuing Telemetry Transport; DALI = Digital Addressable Lighting Interface; KNX = Konnex.

Figure 5. (a) Frequency Ranked Distribution of Explicit [oT—-Optimization Co Occurrences in Human Centric Lighting (Block A, n = 907). The bar chart
illustrates the most recurrent non zero pairings between communication/sensing technologies and heuristic optimization approaches within the human
centric lighting literature. Frequencies represent the absolute number of co occurrences in titles, abstracts, or keywords. The distribution shows a narrow
concentration around a limited number of protocol—algorithm combinations, indicating compartmentalized research trajectories. Abbreviation: IoT, Internet
of Things. (b) Frequency Ranked Distribution of Explicit [oT—Optimization Co Occurrences in Energy Conscious Lighting (Block B, n = 517). The bar chart
illustrates the most recurrent non zero pairings between communication/sensing technologies and heuristic optimization approaches within the energy
conscious lighting literature. Frequencies represent the absolute number of co occurrences in titles, abstracts, or keywords. The distribution shows a narrow
concentration around a limited number of protocol—algorithm combinations, reflecting compartmentalized research patterns. Abbreviation: IoT, Internet of
Things.

been included, while at the 80% threshold, three studies scoring  All 30 studies met or exceeded the 70% threshold. The mean MMAT
75—79% would have been excluded. In both cases, the central score across the core dataset was 84.6% (range: 72% — 95%), with
observations regarding the integration gaps remained unchanged. the majority of studies (n = 22, 73.3%) scoring above 80%,
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Table 6. Configuration Settings Adopted for VOSviewer-Based Bibliometric Mapping Across the Principal Thematic Corpora.

Analytical Corpus Corpus Keyword Network Parameters Author Collaboration Country Collaboration
Size (n) Parameters Parameters

Block A — Occupant-centred 907 All keywords included; full Full co-authorship analysis; Fractional counting;

lighting counting method; minimum minimum 2 documents per minimum 5 documents per
occurrence threshold = 5 author country

Block B — Energy-conscious 517 All keywords included; full Full co-authorship analysis; Fractional counting;

lighting counting method; minimum minimum 2 documents per minimum 5 documents per
occurrence threshold = 5 author country

Block D — Sensing and 328 All keywords included; full Full co-authorship analysis; Fractional counting;

optimization infrastructures

counting method; minimum
occurrence threshold = 3*

minimum 2 documents per
author

minimum 2 documents per
country

*The lower threshold for Block D was applied to preserve lower-frequency but technologically important platform-specific terms (e.g., Thread, Home
Assistant, Node-RED) that are essential for capturing emerging IoT and middleware technologies.

Table 7. Inter-Rater agreement matrix for eligibility assessment (20% Sample, n = 471 Reports).

Reviewer 2: Include Reviewer 2: Exclude Total
Reviewer 1: Include 82 5 87
Reviewer 1: Exclude 4 380 384
Total 86 385 471

Observed Agreement = 98.1%; Cohen's k = 0.94 (95% CI: 0.89—-0.97, bootstrap method).

confirming a uniformly adequate methodological quality without
any low-quality inclusions. Detailed MMAT scores are provided in
Supplementary Table S6. This quality appraisal complements the
descriptive transparency criteria adopted in the main methodology.

To preserve methodological rigour, the 30 studies included in the
core analytical corpus were evaluated against three predefined
eligibility dimensions directly aligned with the review objectives:
conceptual relevance and objective alignment; replicability and
methodological transparency; and clarity of reported outcomes.
The verification sample for thematic tagging, comprising 6 out of
30 core studies (20%), was selected based on two methodological
justifications: with a sample size of 30, a 20% sample is sufficient
to assess inter-rater consistency given observed agreement
exceeding 90% with Cohen's k = 0.94; and samples of 10% to 20%
are common in systematic reviews for reliability assessment [37].

To strengthen screening reliability, a
independently evaluated a randomly selected subset corresponding
to 20% of the 2,356 reports subjected to eligibility assessment.
Agreement regarding inclusion and exclusion decisions reached
98.1% (95% CI: 96.5%—99.0%), with Cohen's k = 0.94 (95% CI:
0.89-0.97), indicating near-perfect inter-rater consistency. The
confidence interval for k was calculated using the bootstrap method
with 1,000 resamples. Discrepancies were resolved through
consensus discussion. In addition, the initial thematic tagging
process conducted by the primary reviewer was independently
verified on a random 20% subset by a second reviewer, yielding
agreement levels exceeding 90%. The inter-rater agreement matrix
for the 20% verification sample is presented in Table 7.

second reviewer

To ensure reproducibility, Supplementary Materials S1 through
S5 provide the following resources: complete database-specific
search strings per block (S1); stopword lists and stemming rules
(S2); VOSviewer parameter files and thesaurus (S3); MATLAB
scripts for duplicate elimination, terminology harmonization,
co-occurrence matrix generation, and temporal trend visualization
(S4); and the full coding dataset for the 30 core studies (S5). No
formal protocol registration was undertaken through registries
such as PROSPERO because the present study constitutes a
bibliometric mapping
intervention-based systematic review. This approach remains
consistent with prevailing methodological practice within the
fields of building engineering, environmental design, and
smart-system bibliometrics. Through explicit disclosure of
methodological decisions and their underlying rationale, the
present review maintains the transparency and reproducibility
standards expected of Scopus Q1 bibliometric scholarship.

review rather than a clinical or

2.8. Methodological constraints and scope
limitations

Several methodological limitations should be acknowledged when
interpreting the findings of this review. First, the analyses depend
on indexed metadata, as co-occurrence analyses were derived
exclusively from titles, abstracts, and author keywords. Second,
terminological inconsistency across disciplines may have affected
retrieval sensitivity. Third, the exclusion of non-English
publications potentially limits representation of regional research
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Figure 6. (a—b) Temporal Evolution of Publication Output Across Bibliographic Databases. Panel (a) presents annual publication counts derived from Scopus,

Web of Science, and IEEE Xplore, including a magnified inset for the 2010—
activity with the most pronounced acceleration occurring after 2015. Panel

2025 interval. The upper panel demonstrates a sustained expansion of research
(b) presents the cumulative growth trajectory highlighting the major inflection

point observed in 2015 through first-difference analysis. The post-2015 growth trend is statistically significant (Mann-Kendall t = 0.78, p < 0.01), confirming

a genuine inflection point rather than random fluctuation. The Mann-Ke

ndall test was computed using MATLAB's Mann-Kendall Trend Test function

(MATLAB 20254, Statistics and Machine Learning Toolbox). Although the test shows strong significance, the limited number of data points (10 years) should
be considered when interpreting the result. The annual publication data used for this test are provided in Supplementary Table S9. Abbreviation: WoS, Web of

Science; IEEE, Institute of Electrical and Electronics Engineers.

communities. Fourth, the restriction to peer-reviewed published
literature introduces publication-selection bias, and the exclusion
of grey literature is particularly significant because industrial
smart-lighting systems may implement integrated architectures
that are not published due to commercial sensitivity; this limitation
is addressed further in Section 4.6. Fifth, the tagging workflow was
only partially independent, with a single reviewer conducting
initial thematic coding and independent verification applied to only

a 20% random sample. Sixth, the core analytical dataset is
restricted in size. Seventh, beyond the MMAT, no formal study-level
validity scoring was undertaken. These limitations do not
undermine the overall analytical validity of the review; however,
they should be considered carefully when interpreting the
integration gaps and thematic discontinuities discussed in
subsequent sections.
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Figure 7. Temporal Evolution of Selected Keywords Within the Scopus Corpus (2010—-2025). Bubble size represents annual occurrence frequency; colour
intensity represents the relative growth rate of each keyword over the examined period (where applicable). The keyword circadian demonstrates sustained
and progressively increasing visibility from 2015 onward. Terms associated with computational intelligence—reinforcement learning and edge computing—
show substantial growth only after 2018. Terms such as hyper-heuristic and Node-RED remain relatively rare and sporadic throughout the examined period.

3. RESULTS

The bibliometric and thematic analyses conducted in this review
are organised across four interconnected subsections, each
corresponding to a distinct analytical layer of the methodological
framework described in Section 2. The findings are derived from
three principal data sources—the expanded Scopus thematic
corpus (n = 1,752), the Core 30 dataset (n = 30), and the Web of
Science collaboration networks (n = 907, 517, and 328 for Blocks A,
B, and DJ/E, respectively)—which collectively supported
publication trend analysis, systematic evidence synthesis,
frequency ranked distribution mapping,
collaboration visualisation. A comprehensive data provenance
summary for all figures is provided in Supplementary Material S12.

The results are presented as follows. Subsection 3.1 examines the
temporal evolution of publication activity, documenting growth
trajectories, inflection points, and the statistical significance of
observed trends. Subsection 3.2 traces the emergence and
consolidation of key thematic terms over the study period,
revealing asymmetries in research maturity across domains.
Subsection 3.3 investigates the co occurrence relationships
between IoT communication technologies and optimisation
paradigms, quantifying the extent of cross domain bibliographic
coupling. Subsection 3.4 characterises the structural properties of
the core literature, including taxonomic summaries of integration

and international

configurations. Finally, Subsection 3.5 synthesises these findings
into an integrated interpretation of the research gap, articulating
the weak cross domain coupling and its implications for future
intelligent lighting ecosystems.

3.1. Publication evolution and growth characteristics

Evaluation of the 5,229 unique records retrieved from Scopus, Web
of Science, and IEEE Xplore demonstrates a sustained expansion of
research activity over approximately the last fifteen years. Between
2010 and 2024, annual publication output increased progressively,
with the most pronounced acceleration occurring after 2015. As
illustrated in Figure 6(b), the cumulative publication trajectory
identifies 2015 as the principal inflection point. The 2015 inflection
point appears to align with three major developments: the
initiation by the CIE of the development of CIE S 026:2018 [46] for
melanopic equivalent daylight illuminance [4]; the commercial
availability of tunable-white LED luminaires from manufacturers
such as Philips and Osram during the period 2014 to 2016 [47]; and
the expansion of low-cost IoT platforms, including Zigbee, MQTT,
and BLE, together with smart-home automation platforms such as
IFTTT and Node-RED [6,18].

The 30 studies retained within the final core analytical corpus
were distributed unevenly throughout the 2015 to 2024 period.
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Figure 8. (a—b) Metadata-Derived Co-Occurrence Matrices Linking IoT Technologies and Optimization Families. Panel (a) presents the full Scopus thematic
corpus (n = 1,752), while Panel (b) presents the Core 30 corpus (n = 30). Cell shading corresponds to row-normalized intensity values, whereas embedded
annotations represent raw co-occurrence frequencies. Panel (a) measures bibliographic co-occurrence in indexed metadata across the expanded corpus; Panel
(b) measures co-occurrence within the highly selective core dataset. The sparse distribution indicates weak explicit integration between sensing

Although research output associated with energy-aware lighting
and human-centric illumination has expanded substantially, only a
very small proportion of studies demonstrate genuine integration
between these dimensions. Across the principal thematic corpora,
the Annual Average Growth Rate (AAGR) was calculated using the
following formula [48]:

AAGR = [(M)l/n - 1] x 100 (2)

Vinitial

where V__final represents the publication count in 2024, V__initial
represents the publication count in 2015, and n = 9 (the number of
annual growth intervals from 2015 to 2024). For Block A
(occupant-centred lighting), V_initial = 412 (2015) and V__final =
907 (2024), yielding an AAGR of 9.2%. For Block B (energy-oriented
lighting), V_initial = 275 (2015) and V_final = 517 (2024), yielding
an AAGR of 7.3%. For Block D (sensing and communication
infrastructures), V_initial = 102 (2015) and V__final = 328 (2024),
yielding an AAGR of 13.9%.

To confirm the statistical significance of the observed post-2015
acceleration, a Mann-Kendall trend test was applied to the annual
publication data (2015—-2024) using MATLAB 2025a (Statistics and
Machine Learning Toolbox). The test yielded a Kendall's T of 0.78 (p
< 0.01), confirming a statistically significant upward trend rather
than random fluctuation.

3.2. Temporal emergence of keywords and thematic
maturity

Longitudinal analysis of selected keywords extracted from the
Scopus corpus reveals pronounced asymmetry in thematic
consolidation across the research domain. Figure 7 employs bubble
dimensions and colour intensity to represent annual occurrence
frequencies across the 2010 to 2025 interval.

As shown in the figure, the keyword circadian demonstrates
sustained and progressively increasing visibility from 2015
onward, indicating the continued consolidation of research
concerned with non-visual biological effects of light, melatonin
regulation, and circadian rhythm alignment. In contrast, terms
associated with computational intelligence and distributed
infrastructure, particularly reinforcement learning and edge
computing, show substantial growth only after 2018, suggesting
that advanced data-driven control paradigms are still undergoing
integration. Meanwhile, terms such as hyper-heuristic and
Node-RED remain relatively rare and sporadic throughout the
examined period, indicating that these concepts currently
represent emerging exploratory directions rather than mature and
widely established research streams. This divergence suggests that
the constituent technological, biological, and computational
elements required for integrated intelligent lighting systems are
already available individually; however, they have not yet
converged into a coherent and empirically consolidated
interdisciplinary framework.
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Table 8. Synthesis of quantitative performance outcomes across core studies.

Outcome Type Reporting Studies Reported Typical Range Reporting Rate 95% Representative
(n/30) Range (IQR)* CI** Studies

Energy Savings (%) 18 (60.0%) 15% — 65% 22% — 45% 42.3% — 75.5% [47,49]

Visual Comfort 16 (53.3%) 12% — 18% — 35% 35.5% — 70.3% [50,51]

Improvement (%) £40%***

Circadian Stimulus (CS) 8(26.7%) 0.35 — 0.85 0.45 — 0.65 N/A*T [3,4]

Equivalent Melanopic Lux 6 (20.0%) 150 — 350 210 — 280 N/A*T [18,52]

(Ix)

User Satisfaction (%) 15 (50.0%) 65% — 95% 70% — 88% 33.2% — 66.8% [53,28]

UGR Reduction (units) 4 (13.3%) 2 — 8 units 3 — 6 units N/AT [54,47]

*Typical range represents the interquartile range (IQR) of values from long-duration field studies (>4 weeks) where available. The number of contributing
studies for each metric is: Energy Savings (n=8), Visual Comfort (n=6), CS (n=4), EML (n=3), User Satisfaction (n=7), UGR (n=2). Specific studies contributing
to each IQR are listed in Supplementary Table S10. For UGR, the IQR is based on only 2 studies and should be interpreted with caution.

**95% Confidence Intervals for the proportion of studies reporting each metric (Reporting Rate) were calculated using the Wilson Score method. For
continuous variables (CS, EML, UGR), the reported ranges represent the interquartile range (IQR) of observed values.

***Visual comfort improvement measured quantitatively using UGR or percentage of satisfactory illumination.

tN/A indicates that Wilson Score confidence intervals are not applicable to continuous variables; the IQR is provided instead.

Note: Studies reporting multiple metrics are counted in each category separately; therefore, the sum of reporting frequencies (67) exceeds the total number

of core studies (30).

Table 9. Taxonomic summary of integration configurations across the core literature.

Integration Category Number of Studies (n)* Common Integration Gap

Personalized Adaptive Lighting 12 Lacks standardized IoT protocols (MQTT/DALI integration absent)
Energy-Aware Intelligent Lighting 10 Lacks circadian-effective metrics and interoperable middleware
Daylight-Integrated Regulation 8 No event-driven automation (ECA/IFTTT frameworks missing)
IoT-Enabled Lighting Ecosystems 7 No adaptive optimization logic (rule-based only)

Learning-Based Intelligent Control 6 Lacks field validation and long-term occupant response data
Circadian-Effective Lighting Systems 8 Lacks real-time reactive optimization and energy quantification
Fully Integrated Smart Lighting 0 No fully validated framework identified

Note: Studies may employ multiple integration strategies simultaneously; therefore, the sum of category counts (51) exceeds the total number of core studies

(30). This reflects the overlapping nature of integration configurations rather than mutually exclusive categories.

3.3. Co-occurrence relationships between loT
technologies and optimization paradigms

The interaction structure linking sensing and communication
infrastructures with optimization-oriented control methodologies
was analysed using two complementary datasets: the full Scopus
thematic corpus comprising 1,752 records and the restricted Core
30 dataset comprising 30 records. The resulting heatmaps
presented in Figure 8(a—b) display row-normalized colour
intensity together with raw metadata-derived co-occurrence
frequencies extracted from titles, abstracts, and author keywords.

Within the full corpus, the strongest observable associations are
concentrated around Bluetooth Low Energy technologies and
generic Among optimization
methodologies, differential evolution, simulated annealing, and

sensor-based infrastructures.

reinforcement learning constitute the most frequently
co-mentioned algorithmic families. By contrast,
interoperable communication and middleware technologies,
including DALI, KNX, Thread, Home Assistant, Node-RED, and
Wi-Fi, demonstrate either negligible or entirely absent
co-occurrence relationships with optimization frameworks. The
interaction matrix associated with the Core 30 dataset remains
substantially sparse even after supplementation using the broader
Block D corpus comprising 328 records. Two complementary
explanations appear plausible: many publications do not explicitly
report middleware environments or communication standards
within searchable metadata fields, and optimization paradigms are
frequently described using inconsistent or highly generalized
terminology.

several
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Figure 9. (a—c) International Collaboration Structures Derived from the Web of Science Datasets. Panel (a) presents occupant-centred lighting (Block A, n =
907), exhibiting dense transnational integration with strong connectivity among North American, European, and East Asian research groups. Panel (b)
presents energy-oriented lighting systems (Block B, n = 517), showing comparatively sparse and fragmented collaboration patterns. Panel (c) presents
sensing/automation technologies (Block D/E, n = 328), revealing emerging but less mature collaborative structures with identifiable yet limited connectivity
among countries including India, Ecuador, and Algeria. Network layouts correspond to native VOSviewer renderings in which node distribution and label
prominence are determined algorithmically according to citation and collaboration density. VOSviewer maps were derived from Web of Science data because
WoS provides more complete citation data for network visualization; Scopus was used for the co-occurrence analysis because of its broader coverage.

Abbreviation: WoS, Web of Science.

Table 8 synthesizes the quantitative outcomes reported across
the 30 core studies. Energy savings typically fall between 22 and
45% in studies combining occupancy sensing with daylight
harvesting. Circadian effectiveness, where reported, shows CS
values ranging from 0.40 to 0.75, indicating potential for
meaningful biological impact. User satisfaction exceeds 70% in
most field studies, suggesting that adaptive strategies maintain
acceptable occupant acceptability.

3.4. Structural characteristics of the core literature

Detailed examination of the 30 core studies reveals recurring but
incomplete combinations of communication technologies,
optimization approaches, and automation architectures. MQTT,
Zigbee, DALI, and KNX emerge as the dominant infrastructural
protocols, primarily supporting sensing, and
distributed  deployment  functions.
implementation of hyper-heuristic orchestration remains
exceptionally while integrating
hyper-heuristics with interoperable automation frameworks are
rarer still. The full structural characterization of all 30 core studies,
including detailed study context, control and optimization focus,
core techniques, IoT and automation layer, study design, duration,
primary limitation, and proposed enhancement for each study, is
provided in Supplementary Table S5. To improve readability and

connectivity,
However,  explicit

uncommon, studies

focus on integrative patterns, Table 9 presents a taxonomic
summary that categorizes the studies by integration configuration,
reporting the number of studies in each category and the common
integration gap identified. A verification table showing which of the
four core dimensions (circadian health, energy optimization,
interoperable 10T, and event-driven automation) each of the 30
studies implemented is provided in Supplementary Table Si1 to
enable independent verification of the claim that no study achieved
full integration.

3.5. Integrated interpretation of the research gap

The findings are presented at three analytical levels. At Level 1,
bibliometric patterns derived from metadata describe what appears
in titles, abstracts, and keywords, indicating structural visibility of
concepts in the indexed record. The metadata sparsity indicates
weak explicit articulation in indexed records. At Level 2, systematic
evidence derived from full-text analysis describes what is reported
in the full text of the 30 core studies, indicating documented
implementation of technologies. Full-text analysis confirms that,
within this selected corpus, no study achieves comprehensive
integration of all four dimensions (human-centric lighting, energy
optimization, interoperable IoT, and event-driven automation)
under real occupancy conditions. While this finding is consistent
with the broader bibliometric pattern, it should be interpreted with
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Figure 10. (a—b) Integrated Conceptual Synthesis of the Identified Research Gap and Proposed Architectural Response. Panel (a) illustrates the fragmented
bibliometric landscape, highlighting the weak explicit overlap among occupant-centred lighting, sensing infrastructure, optimization methodologies, and
event-driven automation, as quantified by the PRISMA-guided retrieval and sensitivity analyses reported in Sections 2.2—2.4 and Tables 1- 4. The mean Jaccard
co-occurrence coefficient of 0.018 quantitatively confirms this extremely weak cross-domain coupling. Panel (b) presents the proposed full-stack integration
framework in which sensing systems, interoperability middleware, adaptive control logic, and multidimensional outcome metrics operate as interconnected
functional layers within a unified intelligent lighting ecosystem. Abbreviations: PRISMA, Preferred Reporting Items for Systematic Reviews and
Meta-Analyses; IoT, Internet of Things; ECA, Event—Condition—Action; IFTTT, If This Then That.

caution given the inherent limitations of systematic evidence
synthesis. At Level 3, integration analysis synthesizes Levels 1 and
2 to identify discrepancies between bibliometric visibility and
reported implementation. The convergence of metadata sparsity
with  full-text of comprehensive
strengthensthis interpretation, though it remains qualified by the
acknowledged limitations of metadata-dependent analysis.
Crucially, Level 1 findings should not be conflated with Level 3
conclusions. The co-occurrence sparsity observed at Level 1

absence frameworks

indicates weak explicit articulation at the metadata level, which
may or may not correspond to weak technical integration at the
implementation level. At the bibliometric level, metadata-based
co-occurrence between hyper-heuristics, interoperable IoT
architectures, and ECA/IFTTT automation is extremely limited,
with a mean Jaccard coefficient of 0.018. At the implementation
level, full-text analysis of the 30 core studies confirms that, within
this selected corpus, no study achieves comprehensive integration
of all four dimensions under real occupancy conditions (see
Supplementary Table S11 for dimensional verification). However,
because many engineering studies do not report all relevant
technologies in their metadata, the bibliometric pattern should be
interpreted as an indicator of weak explicit articulation in indexed
records, which is consistent with, but not definitive proof of, a
genuine integration gap. Regardless of whether the gap is primarily

technical or documentation-related, the recommended

interventions—particularly the mandatory metadata reporting
checklist—remain valid and necessary.

4, DISCUSSION

4.1. Bibliometric structures and network
fragmentation across research domains

Figure 9(a—c) present the VOSviewer network visualizations and
international collaboration structures derived from the Web of
Science datasets for occupant-centred lighting, energy-oriented
lighting systems, and sensing and automation technologies.

The comparison highlights substantial variation in collaboration
maturity across thematic domains, with Block A exhibiting dense
transnational integration, while technology-oriented corpora
remain comparatively fragmented and geographically dispersed.
Within Block A, the keyword networks demonstrate dense
interconnections among concepts associated with circadian
entrainment, visual comfort, spectral tuning, and non-visual
effects of light, with consolidated institutional clusters showing
strong international connectivity, particularly among North
American, European, and East Asian research groups. In contrast,
Block B exhibits a more technically dispersed configuration with
dominant revolving around daylight harvesting,
occupancy-based control, optimization, and demand-response

clusters
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strategies, yet remaining weakly coupled to the biological and
perceptual terminology characteristic of Block A. Block D reveals a
different form of fragmentation, with dominant thematic clusters
centred on wireless communication protocols, IoT middleware,
machine learning, and home automation infrastructures that
remain only marginally connected to health-related lighting
outcomes. Collectively, the VOSviewer analyses reveal that the
fragmentation identified throughout this review is not merely
thematic but structural:
simultaneously integrates circadian metrics, energy indicators,
interoperable IoT infrastructures, and adaptive optimization logic
into a consolidated research domain.

no dominant bibliometric cluster

4.2. Interpreting the identified research gap:
integration deficiency within a mature technological
landscape

The evidence synthesized across publication dynamics, keyword
evolution, co-mention heatmaps, and comparative study mapping
supports a consistent interpretive conclusion: the field has reached
technological maturity at the component level but remains
underdeveloped at the systems integration level. Most importantly,
no field-validated study within the core dataset implemented a
unified architecture combining interoperable IoT communication
infrastructure; adaptive optimization logic; event-driven
automation; circadian-effective spectral control;
occupant-responsive feedback mechanisms; and simultaneous
optimization of energy use and biological lighting targets under
real occupancy conditions (see Supplementary Table Si1 for
dimensional verification). The temporal publication trajectory
demonstrates sustained acceleration after 2015, confirming that
both human-centric lighting and energy-aware lighting have
established research priorities. However, the
metadata-based co-occurrence structures reveal only weak explicit
coupling between optimization methodologies and interoperable
The Lkeyword emergence
trajectories further reinforce this asymmetry: health-related
concepts demonstrate stable growth, while terms associated with
adaptive computational intelligence appear much later and remain
comparatively sparse. This imbalance becomes even more evident
at the study-comparison level: most studies address only partial
subsets of the broader integration challenge, with rule-based
supervisory logic continuing to dominate operational
implementations while genuinely adaptive, learning-based, or
multi-objective optimization architectures constitute only a small
minority of the reviewed corpus. The identified gap therefore
concerns orchestration rather than invention. Tunable luminaires,
wireless sensing systems, adaptive algorithms, and biological
lighting metrics already exist and have individually reached
substantial levels of maturity [3,47,4,53], yet what remains absent
is a coherent operational architecture capable of integrating these
components into a unified, empirically validated ecosystem.

become

communication infrastructures.

4.3. Reconstructing the field through an integrated
multi-layer architecture

The fragmented structure identified throughout the bibliometric
analyses can be interpreted as the outcome of parallel disciplinary
evolution, with different research communities advancing distinct
functional layers of intelligent lighting systems without fully
converging around a shared architectural model. Figure 10(a—b)
presents the integrated conceptual synthesis of the identified
research gap and proposed architectural response.

Panel (a) illustrates the fragmented bibliometric landscape,
highlighting the weak explicit overlap among occupant-centred
lighting, sensing infrastructure, optimization methodologies, and
event-driven automation. Panel (b) presents the proposed full-stack
integration framework in which sensing systems, interoperability
middleware, adaptive control logic, and multidimensional outcome
metrics operate as interconnected functional layers within a
unified intelligent lighting ecosystem.

The right-hand side of Figure 9 translates this fragmented
landscape into a proposed systems architecture composed of four
operational layers. The sensing layer is responsible for continuous
environmental and behavioural data acquisition, including
occupancy, daylight availability, time-dependent exposure
patterns, and, where feasible, personalized eye-level light exposure
through wearable or proximal sensing devices. The interoperability
layer functions as linking
heterogeneous hardware systems through protocols such as DALI,
MQTT, Zigbee, KNX, and edge-gateway middleware, enabling
bidirectional information exchange while preserving vendor
interoperability. The adaptive layer
hierarchical multi-objective control logic, with fast-response
event-driven mechanisms handling immediate operational
requirements and slower optimization routines operating
periodically to improve longer-term performance outcomes.
Importantly, these layers are not competitive but hierarchical:
rule-based systems establish operational boundaries, while
optimization algorithms refine behaviour within those permissible
The layer continuously both
instantaneous and cumulative performance indicators, including
energy consumption, peak electrical demand, visual comfort
indices, circadian effectiveness metrics such as m-EDI and
circadian stimulus, occupant override frequency, satisfaction
levels, and behavioural adaptation patterns. The proposed
architecture also introduces a prioritization hierarchy to resolve
operational safety and mandatory
operational conditions take precedence, followed by occupant
overrides and task-specific visual requirements, with circadian and
visual comfort objectives occupying the next level, and energy
minimization optimized within the remaining feasible operational
space.

the communication backbone

introduces

decision

limits. outcome evaluates

conflicts: constraints
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Table 10. Proposed minimum metadata reporting checklist for integrated smart lighting research.

Category Required Item Level Justification

System and Architecture Lighting system type (LED, Tunable White, etc.) Mandatory Establish technical baseline

Control and Logic Control strategy type (Rule-based, MPC, RL, HH) Mandatory Identify optimization approach
Communications IoT protocols used (Zigbee, MQTT, DALI, KNX) Mandatory Establish communication infrastructure
Automation Automation framework (ECA, IFTTT, programmed rules) Mandatory* Define operational logic

Sensing Sensor types and locations Mandatory Identify data sources

Metrics Performance metrics (energy, CS, EML, UGR) Mandatory Standardize outcome evaluation
Conditions Operational conditions (duration, occupancy, day/night) Recommended Define performance context

Validation Validation approach (simulation, field, lab, duration) Mandatory Establish evidence level

*The level of automation reporting was upgraded from Recommended to Mandatory given the central role of automation in the study's research gap.

4.4, Alternative competing hypotheses

An alternative interpretation is that the observed fragmentation is
an artifact of poor metadata indexing, rather than a technical
deficit. Engineers may implement integrated MQTT-GA
frameworks but fail to report them in keywords. Secondly,
industrial proprietary systems (such as those developed by
Siemens, Honeywell, and Signify) likely possess such integration
but are absent from peer-reviewed literature. This implies that the
findings of this review reflect an academic documentation gap
equally as much as a technical integration gap. The convergence of
multiple  analytical layers—metadata
co-occurrence, full-text screening, and sensitivity analysis—
suggests that both explanations may operate simultaneously.
However, the complete absence of any field-validated study
combining all four dimensions in the peer-reviewed corpus
indicates that the academic documentation gap is substantial and
warrants targeted interventions, such as the mandatory metadata
reporting checklist proposed in Table 10. Regardless of whether the
gap is primarily technical
recommended interventions remain valid and necessary.

evidence across

or documentation-related, the

4.5. Practical implications for building standards,
professional practice, and future research

Table 10 presents a proposed minimum metadata reporting
checklist for integrated smart lighting research, comprising eight
categories with corresponding required items, levels, and
justifications. The categories include system and architecture,
control and logic, communications, automation, sensing, metrics,
conditions, and validation. Each category specifies whether the
item is mandatory or recommended, with justifications
establishing technical baseline, identifying optimization approach,
establishing communication infrastructure, defining operational
logic, identifying data sources, standardizing outcome evaluation,
defining performance context, and establishing evidence level.

The findings of this review carry substantial implications for
sustainable building design, lighting standards, and intelligent
environmental control systems. Existing regulatory frameworks
governing building energy performance, including ASHRAE 90.1,
IECC, and the EPBD, primarily address lighting power density,
occupancy sensing, and daylight harvesting. In parallel,
wellbeing-oriented certification systems such as the WELL Building
Standard  increasingly  incorporate  circadian lighting
recommendations. However, these two regulatory paradigms
remain only weakly integrated. Energy standards rarely mandate
biologically lighting metrics, wellbeing
certifications often lack rigorous long-term energy verification and
operational performance assessment. The evidence synthesized in
this review suggests that future sustainable lighting standards
must evolve toward dual-performance evaluation frameworks
capable of simultaneously assessing annual energy consumption
and annual circadian-light exposure.

From a hardware perspective, tunable-white LED luminaires with
high colour rendering capability and broad correlated colour
temperature ranges should become standard components within
human-centric intelligent lighting systems, with individual
addressability through interoperable communication protocols
essential for adaptive multi-zone control. Regarding sensing
infrastructure, effective implementations require integrated
occupancy sensing, facade-oriented daylight monitoring, and,
where possible, personal light-exposure measurement capable of
approximating eye-level circadian stimulus. Control architectures
should incorporate both scheduled circadian-supportive lighting
patterns and adaptive override mechanisms, with daytime
operation prioritizing circadian entrainment through elevated
daytime melanopic exposure while evening operation
progressively restricts biologically stimulating spectra.

The review further demonstrates the urgent need for robust
longitudinal validation studies. Most existing field investigations
remain short-term, involve limited participant populations, and

relevant while
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rely on heterogeneous evaluation metrics. Future research should
therefore prioritize long-duration field deployments exceeding six
months; simultaneous monitoring of energy use, circadian
exposure, behavioural adaptation, and sleep quality; standardized
reporting frameworks for integrated lighting research as proposed
in Table 10; comparative validation across multiple climates and
building typologies; and integration of lighting control with
shading, HVAC, and broader indoor environmental quality systems.

4.6. Methodological and interpretive limitations

Several limitations must be considered when interpreting the
findings of this review. The exclusion of grey literature is
significant because industrial smart-lighting systems may
implement integrated architectures not published due to
commercial sensitivity. The integration gap identified should
therefore be understood as a gap in the peer-reviewed scientific
literature rather than necessarily a gap in industrial practice. This
reinforces the need for industry-academic partnerships and
standardized reporting frameworks. First, the bibliometric
analyses relied primarily on metadata-level extraction from titles,
abstracts, and keywords rather than full-text semantic mining.
Consequently, studies implementing integrated architectures
without explicitly reporting all technological or biological
dimensions within metadata fields may be underrepresented.
Second, the exclusion of non-English publications potentially
limits representation of regional research communities. Third, the
heterogeneity of reported outcome measures prevented formal
quantitative meta-analysis. Fourth, the majority of field-based
investigations involved short observation periods and relatively
small participant populations. Fifth, the review focused exclusively
on peer-reviewed academic literature, with industrial deployment
reports and proprietary building-management datasets not
systematically included. Nevertheless, the methodological
triangulation employed in this review, including systematic
retrieval, bibliometric mapping, co-occurrence analysis, sensitivity
verification, study-level comparative coding, and MMAT quality
appraisal [45], provides a robust analytical basis for the
conclusions advanced herein.

4.7.Integrative conclusion of the discussion

The evidence synthesized throughout this discussion converges
toward a central conclusion: the contemporary intelligent lighting
field possesses mature technological subsystems but lacks mature
systems integration. Energy-efficient luminaires, adaptive sensing
infrastructures, biologically spectral strategies,
occupant-responsive controls, and optimization algorithms have
all evolved substantially over the last decade. Yet the scientific
literature continues to treat these components largely as parallel
specializations rather than as interdependent elements within
unified operational ecosystems. The principal barrier to progress is
therefore architectural rather than technological. What remains

informed

insufficiently developed is a coherent framework capable of
orchestrating sensing, interoperability, optimization, circadian
performance, occupant wellbeing, and energy management
simultaneously under real building conditions. The conceptual
architecture proposed in Figure 10(b) represents an initial attempt
to bridge this fragmentation by positioning human-centric
objectives, IoT interoperability, adaptive optimization,
wellbeing evaluation within a common systems framework.
Advancing this transition will require sustained interdisciplinary
collaboration among building scientists, lighting engineers,
chronobiologists, environmental psychologists, data scientists,
specialists, organizations. The
challenge identified in this review is therefore not merely academic.
Establishing empirically validated integrated lighting architectures
is essential for the development of buildings that are
simultaneously  energy-efficient,  biologically  supportive,
operationally adaptive, and resilient to future environmental and
societal demands.

and

automation and standards

5. CONCLUSION

This review set out to examine whether the rapidly expanding
domains of human-centric lighting, energy-responsive
illumination, intelligent optimization, and IoT-enabled
automation are converging toward unified operational frameworks
or continuing to evolve as largely disconnected research
trajectories. Through the integration of large-scale bibliometric
retrieval, metadata-driven network analysis, temporal trend
modelling, comparative synthesis, and MMAT-based quality
appraisal [45], the investigation provides a consolidated
assessment of how contemporary indoor lighting research is
structured, where integration currently occurs, and where
substantive fragmentation persists.

The combined MATLAB and VOSviewer analytical workflow
revealed that the scientific landscape surrounding smart indoor
lighting has transitioned from an emerging niche into a mature
multidisciplinary research field. Publication growth accelerated
markedly after 2015, coinciding with the wider diffusion of tunable
LED technologies, increasing adoption of smart-building
infrastructures, and heightened interest in
circadian-effective lighting design. Across the retrieved corpora,
concepts associated with visual comfort, circadian regulation,
daylight-responsive control, and energy-efficient operation
exhibited strong thematic consolidation, with keyword clusters,
citation relationships, and collaboration structures demonstrating
that these domains now possess stable conceptual vocabularies,
identifiable methodological conventions, and internationally
distributed research communities.

However, the evidence simultaneously demonstrates that this
maturity has developed unevenly across disciplinary layers.
Research concerned with non-visual biological effects of light has
progressed largely independently from investigations focused on

scientific
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optimization logic, interoperable communication frameworks, and
adaptive automation architectures. Similarly, studies centred on
IoT infrastructures and intelligent control frequently prioritize
sensing, connectivity, or computational efficiency while omitting
rigorous evaluation of circadian performance, psychological
wellbeing, or long-term occupant response. As a consequence, the
field remains characterized by thematic proximity without full
systems-level convergence. At the bibliometric level,
metadata-based between  hyper-heuristics,
interoperable IoT architectures, and ECA/IFTTT automation is
extremely limited, with a mean Jaccard coefficient of 0.018. At the
implementation level, full-text analysis of the 30 core studies
confirms that, within this selected corpus, no study achieves
comprehensive integration of
(human-centric lighting, energy optimization, interoperable IoT,
and event-driven automation) under real occupancy conditions (see
Supplementary Table S11 for dimensional verification). However,
because many engineering studies do not report all relevant
technologies in their metadata, the bibliometric pattern should be
interpreted as an indicator of weak explicit articulation in indexed
records, which is consistent with, but not definitive proof of, a
genuine integration gap.

The systematic filtering process further reinforces this
interpretation. From an initial retrieval of 5,529 indexed records,
only 30 studies satisfied the combined eligibility conditions of
reporting measurable energy-related outcomes together with
clearly identifiable control or automation mechanisms. Within this
reduced corpus, most investigations relied on deterministic
supervisory logic or predefined schedules, whereas genuinely
adaptive or learning-oriented approaches represented only a minor
proportion of the literature. More importantly, none of the
identified studies demonstrated a fully integrated architecture
combining hyper-heuristic orchestration, interoperable IoT
middleware, event-driven automation, circadian performance
targets, and real occupancy-based operational validation within a
single empirically tested deployment. The resulting evidence
therefore suggests that the principal limitation of the field is no
longer the absence of enabling technologies, but the absence of
operationally unified frameworks capable of coordinating those
technologies toward simultaneous human and environmental
objectives.

This conclusion carries important methodological implications.
The review demonstrates that bibliometric interpretation in
technologically interdisciplinary fields must be approached
cautiously, particularly where metadata quality varies substantially
between databases. The triangulation of multiple databases,
analytical tools, manual study-level coding, and MMAT quality
appraisal was essential to reduce distortion arising from
incomplete metadata structures. Future evidence syntheses in
intelligent building systems would benefit from complementing
conventional bibliometric approaches with full-text semantic
ontology-based classification, and transparent

CO-occurrence

the four core dimensions

mining,

cross-domain coding protocols capable of detecting implicit
technological relationships that remain invisible at the metadata
level.

Ultimately, the evidence assembled throughout this review
converges on a single overarching interpretation. The constituent
technologies required for intelligent, health-supportive, and
energy-responsive indoor lighting are already available and
scientifically mature. Circadian lighting metrics have been
standardized [46]; adaptive algorithms are
sophisticated; low-cost sensing platforms are widely accessible;
and IoT communication infrastructures are technically well
established. What remains underdeveloped is the integrative layer
that systematically connects these components into coherent,
empirically validated operational ecosystems. The unresolved
challenge is technological invention, but
interdisciplinary synthesis. By identifying the weakly connected
interfaces lighting, optimization
intelligence, interoperable IoT architectures, and event-driven
automation, this review establishes a structured foundation for
future integration-oriented research. The proposed direction
beyond efficiency improvements
comprehensive lighting systems capable of simultaneously
supporting energy sustainability, visual performance, circadian
alignment, and occupant wellbeing. Advancing toward such
systems will require coordinated collaboration among lighting
engineers, chronobiologists, building scientists, computer
scientists, behavioural researchers, and standards organizations.
The transition from fragmented innovation to unified intelligent
environments represents the next critical stage in the evolution of
sustainable indoor lighting research.

increasingly

therefore not

between human-centric

moves isolated toward
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DECLARATION OF GENERATIVE AI AND Al
ASSISTED TECHNOLOGIES

Grammarly and DeepL were used solely for language refinement.
No generative Al was used for data analysis, code generation, or
scientific interpretation. Bibliometric analyses were conducted
using MATLAB 2025a and VOSviewer 1.6.20 (parameters specified
in Section 2.6). The Mixed Methods Appraisal Tool (MMAT) was
applied following Hong et al. [45]. No autoencoder, k-NN, or deep
learning models were employed.

SUPPLEMENTARY MATERIALS

S1. Complete database-specific search strings per block (Scopus,
Web of Science, IEEE Xplore)

S2. Stopword lists, stemming rules, and deduplication protocols
S3. VOSviewer parameter files and thesaurus

S4. MATLAB scripts for duplicate elimination, terminology
harmonization, co-occurrence matrix generation, and temporal
trend visualization

S5. Full coding dataset for the 30 core studies (including the
complete structural characterization table)

S6. Detailed MMAT scores for all 30 core studies

S7. PRISMA 2020 checklist

S8. Pairwise Jaccard co-occurrence coefficients between
technological domains

S9. Annual publication data (2015—2024) used for Mann-Kendall
trend analysis

S10. Specific studies contributing to each "Typical Range (IQR)"
value in Table 8

S11. Dimensional verification table showing which of the four core
dimensions each of the 30 studies implemented

S12. Data provenance summary for all figures

The supplementary material can be accessed at the following
links: https://github.com/hassangbran/SUPPLEMENTARY -MATERIALS-
/blob/main/Supplementary Materials.pdf

https://github.com/hassangbran/SUPPLEMENTARY-MATERIALS-
/tree/main
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