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ABSTRACT

This study presents a systematic literature review examining the intersection of Industry 4.0 technologies,
sustainable manufacturing, and small, medium, and micro enterprises (SMMEs), aiming to identify dominant
research themes, methodological trends, and critical gaps limiting the field's applicability to resource-constrained
manufacturing contexts. A corpus of 418 records was retrieved from Scopus, Web of Science, IEEE Xplore, and
ScienceDirect, from which 64 records were selected for structured annotation; 27 were subsequently excluded
due to duplication or content mismatch, leaving 37 studies that formed the evidentiary base for thematic and
methodological synthesis, with title-keyword frequencies across the full corpus used as a supplementary, rather
than representative, comparison. Analysis of the 37 deep-coded studies revealed seven thematic clusters,
spanning conceptual Industry 4.0—sustainability integration frameworks to artificial intelligence and machine-
learning-based optimisation approaches. Methodologically, computational studies accounted for 44%,
conceptual or review-based studies for 28%, organisational-empirical approaches for 14%, and other methods
for the remaining 14%. Only seven of the 418 titles (1.7%) explicitly referenced SMME-related terms, and no
design science research (DSR) study or integration of RAMI 4.0 or ISA-95 with sustainability key performance
indicators (KPIs) was identified within the deep-coded sample; however, targeted verification revealed relevant
studies beyond this sample, suggesting that the corpus and associated gap claims warrant further updating.
Overall, this review consolidates a fragmented body of literature and proposes a research agenda for developing
and empirically validating scalable smart-sustainable manufacturing solutions tailored to resource-constrained
SMMEs, emphasising DSR methodology, architectural grounding, and the further integration and field
validation of digital maturity assessment with sustainability KPIs.

Keywords: Smart manufacturing, Sustainable manufacturing, Industry 4.0, SMMEs, Maturity models, RAMI
4.0

INTRODUCTION

The manufacturing landscape has changed profoundly over the past two decades. Isolated automation systems
are increasingly being replaced by interconnected cyber-physical production systems, while reactive
maintenance and compliance-driven environmental reporting are giving way to predictive analytics and
sustainability strategies embedded in operations. This transformation promises unprecedented gains in
productivity, flexibility, quality, and resource efficiency through the convergence of the Internet of Things (IoT),
artificial intelligence (AI), machine learning (ML), cyber-physical systems (CPS), big data analytics (BDA), and
cloud computing (Hermann et al., 2016), (Schwab, 2016).
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Simultaneously, the sustainability imperative has intensified. Climate change, resource scarcity, regulatory
pressure, and stakeholder expectations have elevated environmental and social performance from peripheral
concerns to strategic priorities (Elkington, 1997), (United Nations, 2015). The convergence of these two forces
has given rise to what a growing body of literature terms smart-sustainable manufacturing or Sustainability 4.0,
defined as the deliberate use of Industry 4.0 capabilities to advance economic, environmental, and social
performance simultaneously, in alignment with the Triple Bottom Line framework (Stock & Seliger, 2016),
(Sartal et al., 2020), (Jamwal et al., 2021).

Yet the Industry 4.0 narrative has been overwhelmingly shaped by large enterprises with deep pockets, dedicated
IT departments, and mature process infrastructures. What the literature often overlooks is the reality on the shop
floor of small, medium, and micro enterprises (SMMEs), which constitute the backbone of manufacturing
economies worldwide. According to the World Trade Organization, SMMEs account for over 90% of all firms
globally and employ more than 60% of the workforce in many economies (World Trade Organization, 2016).
These enterprises face fundamentally different constraints compared to their larger counterparts: limited capital
for technology investment, scarce technical expertise, fragmented supply chains, lower bargaining power with
technology vendors, and organizational cultures often resistant to change (Mittal et al., 2018), (Mittal et al.,
2019).

The purpose of this literature review is threefold. First, it synthesizes the current state of research on smart-
sustainable manufacturing, identifying the dominant thematic clusters and methodological approaches. Second,
it critically examines the extent to which this body of knowledge addresses the specific needs and constraints of
SMME:s. Third, it articulates a clear research agenda grounded in identified gaps, proposing pathways toward
frameworks, tools, and methodologies that are genuinely applicable to resource-constrained manufacturing
contexts.

The review is informed by the author’s practitioner experience in manufacturing. This experience is used as
contextual reflection in the discussion and is not treated as independently collected empirical evidence. The
review itself therefore remains grounded in the analysed literature, while the practitioner reflection helps
interpret the practical implications for resource-constrained manufacturers.

Background And Context
The Evolution from Traditional Manufacturing to Industry 4.0

Manufacturing has undergone four major industrial revolutions. The first, beginning in the late 18th century,
introduced mechanization through water and steam power. The second, in the early 20th century, brought mass
production enabled by electricity and assembly lines. The third, starting in the 1970s, introduced automation
through electronics, programmable logic controllers (PLCs), and early computing (Hermann et al., 2016). The
fourth industrial revolution, Industry 4.0, represents a qualitative leap: the integration of physical production
systems with digital technologies to create intelligent, autonomous, and interconnected manufacturing
ecosystems (Schwab, 2016), (Russmann et al., 2015).

The term Industry 4.0 was coined in Germany in 2011 as part of a national high-tech strategy and has since
become a global phenomenon (Kagermann et al., 2013). At its core, Industry 4.0 is characterized by the
deployment of cyber-physical systems that monitor physical processes, create virtual copies of the physical
world, and make decentralized decisions based on real-time data (Lee et al., 2015). Key enabling technologies
include the Internet of Things for connectivity, cloud computing for scalable data storage and processing, big
data analytics for insight generation, artificial intelligence and machine learning for optimization and prediction,
additive manufacturing for flexible production, and augmented reality for human-machine collaboration (Tao et
al., 2018a), (Vaidya et al., 2018).

Against this technological backdrop, sustainability has moved from a peripheral concern to a central strategic
priority for manufacturers worldwide. Regulatory frameworks such as the European Green Deal, carbon pricing
mechanisms, and supply chain due diligence laws are compelling manufacturers to measure, report, and reduce
their environmental and social impacts. The convergence of Industry 4.0 and sustainability offers a powerful
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opportunity: digital technologies can simultaneously improve productive efficiency and reduce resource
consumption, waste generation, and emissions.

Defining Key Concepts

Industry 4.0 refers to the digitalization and networking of manufacturing value chains through cyber-physical
systems, [oT, cloud computing, and data analytics to achieve flexible, efficient, and customer-centric production
(Hermann et al., 2016), (Schwab, 2016).

Smart manufacturing is the application of networked information-based technologies to provide real-time
understanding, reasoning, planning, and management of all aspects of manufacturing enterprise operations
(NIST, 2020). It emphasizes real-time visibility, adaptive control, and continuous optimization.

Sustainable manufacturing is defined as the creation of manufactured products through economically sound
processes that minimize negative environmental impacts while conserving energy and natural resources, and that
are safe for employees, communities, and consumers (U.S. Department of Commerce, 2011). It operationalizes
the Triple Bottom Line framework, which evaluates performance across economic, environmental, and social
dimensions (Elkington, 1994).

Smart-sustainable manufacturing or Sustainability 4.0 integrates these concepts, leveraging Industry 4.0
technologies to simultaneously improve economic competitiveness, environmental performance, and social
responsibility (Stock & Seliger, 2016), (Sartal et al., 2020), (Ghobakhloo, 2018). Examples include using loT
sensors to monitor energy consumption in real time, employing machine learning to optimize material usage and
reduce waste, and deploying digital twins to simulate and minimize the environmental footprint of production
processes before physical implementation (Tao et al., 2018b), (Negri et al., 2017a).

Small, Medium, and Micro Enterprises (SMMEs) are typically defined by employee count, annual turnover,
or asset base, with thresholds varying by country and sector. The World Trade Organization defines small and
medium enterprises (SMEs) as firms with fewer than 250 employees, while micro enterprises employ fewer than
10 (World Trade Organization, 2016). In many developing economies, the SMME sector includes informal and
semi-formal operations with even more limited resources (ILO, 2015).

Why SMME:s Face Unique Constraints

Large enterprises possess several structural advantages that enable Industry 4.0 adoption. They have dedicated
capital budgets for technology investment, in-house IT and engineering expertise, established relationships with
technology vendors, economies of scale that justify automation investments, and organizational structures
capable of managing complex change initiatives (Kamble et al., 2018a). They also benefit from greater access
to financing, training programs, and government incentives (European Commission, 2018).

SMMEs, by contrast, operate under fundamentally different conditions. Capital is scarce and must be allocated
carefully across competing priorities such as working capital, equipment maintenance, and market development.
Technical expertise is limited; many SMMEs lack dedicated IT staff and rely on external consultants or vendors
whose solutions may not be tailored to their specific needs (Mittal et al., 2018), (Muller et al., 2019).
Organizational culture in family-owned or long-established SMMEs can be resistant to change, particularly
when the perceived risks of new technology adoption are high and the benefits uncertain (Moeuf et al., 2018).
Supply chain integration is often weak, limiting the potential for collaborative digital initiatives (Raj et al., 2020).
Finally, SMME:s frequently lack the bargaining power to negotiate favorable terms with technology vendors or
to influence the development of solutions suited to their scale and context (Mittal et al., 2019).

Author experiences working with SMME:s across diverse sectors in Malaysia, indicate the most common barrier
is not a lack of awareness or interest in Industry 4.0 and sustainability. Rather, it is the absence of practical,
scalable, and affordable pathways to implementation. The frameworks, tools, and case studies presented in the
academic literature are overwhelmingly derived from large-enterprise contexts and do not translate easily to the
resource-constrained realities of SMMESs. This disconnect is a central motivation for the present review.
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Conceptual Foundations for The Proposed Research Agenda

The proposed research agenda draws on four complementary conceptual and methodological foundations for
smart-sustainable manufacturing in SMME contexts.

The Triple Bottom Line (TBL)

The Triple Bottom Line framework, introduced by Elkington in 1994 and further developed in 1997, posits that
organizational performance should be evaluated not solely on economic profit but also on environmental
stewardship and social equity (Elkington, 1994). The three dimensions are often referred to as people, planet,
and profit. In manufacturing, this translates to measuring not only productivity and cost efficiency but also
energy consumption, waste generation, emissions, worker safety, community impact, and ethical labor practices
(Jawahir & Bradley, 2016). The TBL framework provides the normative foundation for sustainable
manufacturing and serves as the basis for defining sustainability key performance indicators (KPIs) in smart-
sustainable manufacturing systems (Dubey et al., 2019).

RAMI 4.0: Reference Architectural Model for Industry 4.0

RAMI 4.0 is a three-dimensional reference architecture developed by the German standardization bodies DIN,
DKE, and ZVEI to provide a common framework for describing and implementing Industry 4.0 systems (DIN
et al., 2015). The three axes represent hierarchy levels (from product to connected world), life cycle and value
stream (from development to maintenance), and layers (from asset to business). RAMI 4.0 enables systematic
decomposition of complex cyber-physical systems, facilitates interoperability, and supports modular, scalable
implementation. It is particularly relevant for SMMEs because it allows incremental digitalization, starting with
specific hierarchy levels or life cycle stages rather than requiring enterprise-wide transformation (Colombo et
al., 2017).

ISA-95: Enterprise-Control System Integration

The ISA-95 standard, developed by the International Society of Automation, defines the interface between
enterprise systems (such as enterprise resource planning or ERP) and control systems (such as supervisory
control and data acquisition or SCADA) (ISA, 2010). It establishes a five-level hierarchy: Level 0 (physical
process), Level 1 (sensing and actuation), Level 2 (monitoring and control), Level 3 (manufacturing operations
management), and Level 4 (business planning and logistics). ISA-95 provides a structured approach to
integrating operational technology (OT) and information technology (IT), which is essential for realizing the
data flows and decision-making capabilities envisioned in Industry 4.0 (Sauter et al., 2011). For SMMEs, ISA-
95 offers a roadmap for understanding where digital interventions can be most impactful and how to sequence
investments in sensing, connectivity, and analytics.

Design Science Research (DSR)

Design Science Research is a problem-solving paradigm that emphasizes the creation and evaluation of artifacts
(constructs, models, methods, or instantiations) designed to address identified organizational or technical
problems (Hevner et al., 2004), (Peffers et al., 2007). DSR is particularly well-suited to applied manufacturing
research because it bridges the gap between theory and practice, producing actionable solutions that are
rigorously evaluated in real-world contexts (vom Brocke et al., 2020). The DSR process typically involves
problem identification, definition of objectives for a solution, design and development of the artifact,
demonstration in a relevant context, evaluation against defined criteria, and communication of results (Peffers
et al., 2007). In the context of smart-sustainable manufacturing for SMMEs, DSR offers a methodological
pathway for developing frameworks, tools, and implementation methodologies that are not only theoretically
sound but also practically validated in resource-constrained settings.

These four foundations are interconnected within the proposed agenda. The TBL defines the economic,
environmental, and social performance goals. RAMI 4.0 and ISA-95 provide architectural and hierarchical
structures for designing smart manufacturing systems. DSR provides the methodological approach for creating
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and validating context-specific solutions. They were not used as formal coding categories in the present review;
rather, they structure the research agenda developed from the identified gaps.

REVIEW METHODOLOGY

Corpus Assembly and Screening

The bibliographic corpus was assembled through a multi-stage search of Scopus, Web of Science, IEEE Xplore,
and ScienceDirect. Search terms covered Industry 4.0, smart manufacturing, sustainable manufacturing,
digitalisation, IoT, artificial intelligence, cyber-physical systems, and SME/SMME variants. Peer-reviewed
journal articles, conference papers, and selected technical reports were considered, without a lower publication-
date restriction. The searches yielded 418 records before deep screening. Database-specific search strings were:
Scopus — (TITLE-ABS-KEY ("Industry 4.0" OR "smart manufacturing") AND TITLE-ABS-KEY ("sustainable
manufacturing" OR "sustainability" OR "TBL") AND TITLE-ABS-KEY("SME" OR "SMME" OR "small
enterprise")); Web of Science — TS=("Industry 4.0" OR "smart manufacturing") AND TS=("sustainable
manufacturing" OR "sustainability") AND TS=("SME" OR "SMME"); IEEE Xplore — ("Industry 4.0" OR
"smart manufacturing") AND ("sustainable manufacturing"” OR "sustainability"); ScienceDirect — TITLE-
ABS-KEY("Industry 4.0") AND TITLE-ABS-KEY("sustainability" OR "sustainable manufacturing"). All
searches were conducted in August 2025, covering records up to and including July 2025. Deduplication was
performed automatically using reference manager software (removing exact DOI and title matches), followed
by manual cross-checking of near-duplicate records, yielding 418 unique records for screening.

Structured Annotation and Quality Screening

Following title and abstract screening, 64 records were selected for full-text reading and structured analytical
annotation. Selection required substantive relevance to the intersection of Industry 4.0 technologies,
sustainability, and manufacturing. The annotation protocol captured each study’s aim, identified gap, objectives,
methodology, principal findings, limitations, and future research directions. Selection from the 418 records to
64 was performed by two independent reviewers screening titles and abstracts against three criteria: (1) the
record addressed at least one Industry 4.0 technology in a manufacturing context; (2) the record addressed at
least one sustainability dimension (economic, environmental, or social); and (3) the manufacturing context was
sufficiently described. Disagreements were resolved through discussion and consensus. Records were advanced
to full-text reading when both reviewers agreed that at least two of the three criteria were met.

During full-text verification, 27 of the 64 selected records were excluded because they were duplicates, contained
identical content under different metadata, or had mismatched abstracts or full texts. These exclusions concern
record integrity and eligibility rather than methodological quality. The remaining 37 studies formed the deep-
coding evidentiary base. Full texts were retrieved for all 64 records before final exclusion decisions were made.
Exclusions from the 64 full-text records comprised: duplicates confirmed at full-text level (n=12); mismatched
content where the abstract indicated relevance but the full text did not address manufacturing or sustainability
substantively (n=9); and inaccessible full texts for which no open-access or institutional-access version could be
located (n=6), yielding 37 deep-coded studies.

Thematic and Methodological Coding

The 37 deep-coded records were analyzed using a combination of inductive and deductive coding. Thematic
clusters were identified based on the primary focus of each study, including the technologies addressed, the
manufacturing processes or systems studied, and the sustainability dimensions considered. Methodological
classification was conducted by categorizing each study according to its primary research approach:
computational or algorithmic (e.g., optimization models, simulation studies), conceptual or review-based (e.g.,
frameworks, literature reviews), empirical-organizational (e.g., surveys, case studies), or other methods (e.g.,
experimental studies, design science).
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Representativeness Check

A keyword-frequency analysis of all 418 titles was conducted as a supplementary comparison with the 37 deep-
coded studies. This analysis identified common terminology across the broader corpus but, because titles provide
limited information, it was not treated as proof that the smaller sample was fully representative. Seven of the
418 titles (1.7%) explicitly contained small-, medium-, micro-enterprise, SME, or SMME terminology. This
result demonstrates limited SMME visibility in titles; it does not establish that the other records excluded
SMMEs from their abstracts or full texts.

Inclusion and Exclusion Criteria

Inclusion criteria were: peer-reviewed publications addressing Industry 4.0 technologies, smart manufacturing,
sustainable manufacturing, or the integration of digitalization and sustainability in manufacturing contexts;
studies providing sufficient methodological detail to enable classification; and publications available in English.
Exclusion criteria were: non-manufacturing contexts (e.g., agriculture, healthcare, services); purely theoretical
papers with no connection to manufacturing practice; and records with incomplete or inaccessible full texts.

Study Quality Appraisal

To assess the methodological rigour of the 37 deep-coded studies, an adapted quality appraisal checklist was
applied independently by reviewers. The checklist comprised five criteria: (1) clarity of research objectives and
alignment with stated methodology; (2) appropriateness of the research design for the stated aims (e.g., case
study, survey, design science, simulation); (3) explicitness of the manufacturing or SMME context, including
sector and firm-size characterisation where applicable; (4) integration of at least one measurable sustainability
dimension (environmental, social, or economic) within the reported findings or proposed framework; and (5)
transparency of data collection and analysis procedures sufficient to permit replication or critical appraisal. Each
criterion was scored as met, partially met, or not met, yielding a composite quality tier (high, moderate, or low)
for each study. Studies rated low on three or more criteria were retained but flagged in the synthesis as lower-
confidence evidence. All 37 deep-coded studies met at least criteria (1) and (2); shortfalls were most frequent on
criteria (3) and (4), consistent with the broader SMME-sustainability gap identified in this review.

Following PRISMA-inspired reporting principles, the study-selection process proceeded as follows: 418 records
were identified through database searches; 354 records were excluded at the title and abstract screening stage;
64 full-text records were assessed for eligibility; 27 records were subsequently excluded (duplicates: n=12;
mismatched content: n=9; inaccessible full text: n=6); leaving 37 studies for deep coding. This review is framed
as an exploratory critical review rather than a fully systematic review. Limitations include reliance on four
databases, a single search round, and the primary author's role in study selection. These constraints limit
reproducibility and the generalisability of gap claims, and all absence findings should be interpreted within this
methodological scope.

Thematic Analysis: What The Literature Reveals

The 37 deep-coded records, supplemented by insights from the broader 418-record corpus, reveal seven major
thematic clusters. Each cluster represents a distinct research focus within the smart-sustainable manufacturing
domain. This section reviews the key findings, representative studies, and gaps within each cluster.

A. Conceptual Industry 4.0-Sustainability Integration Frameworks

A significant portion of the literature is devoted to developing conceptual frameworks that articulate how
Industry 4.0 technologies can enable or enhance sustainable manufacturing. These studies typically propose
multi-dimensional models that map specific technologies (IoT, Al, big data, digital twins) to sustainability
outcomes (energy efficiency, waste reduction, circular economy) (Stock & Seliger, 2016), (Sartal et al., 2020),
(Kandarkar et al., 2022). For example, Stock and Seliger present a comprehensive framework linking Industry
4.0 capabilities to opportunities for sustainable manufacturing, emphasizing resource efficiency, flexibility, and
decentralization (Stock & Seliger, 2016). Similarly, Kamble and colleagues propose a Sustainable Industry 4.0
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framework based on a systematic literature review, identifying current trends and future research perspectives
(Kamble et al., 2018b).

These frameworks are valuable for structuring the discourse and identifying potential synergies. However, they
are predominantly conceptual. Few have been empirically tested or validated in real manufacturing settings, and
even fewer address the specific constraints of SMMEs. The frameworks tend to assume the availability of
advanced IT infrastructure, skilled personnel, and capital for investment, assumptions that do not hold in
resource-constrained contexts. What is missing is a bridge from high-level conceptual models to actionable
implementation pathways tailored to SMME realities.

B. IoT and Sensor-Based Process Monitoring

The Internet of Things is a foundational enabler of smart manufacturing, providing real-time visibility into
production processes, equipment status, and environmental conditions (Xu et al., 2018). A substantial body of
research focuses on the deployment of IoT sensors for monitoring energy consumption, machine performance,
product quality, and environmental parameters such as emissions and waste (Wan et al., 2016), (Zhong et al.,
2017). These studies demonstrate that IoT-enabled monitoring can lead to significant improvements in resource
efficiency, predictive maintenance, and process optimization (Zheng et al., 2018). For instance, several studies
report the use of wireless sensor networks to monitor energy consumption at the machine level, enabling
identification of inefficiencies and opportunities for energy savings (Shrouf et al., 2014). Others describe IoT-
based systems for tracking material flows and detecting waste generation points in production lines (Mourtzis et
al., 2016). The technical feasibility and benefits of IoT monitoring are well-established in the literature.

However, the majority of these studies are conducted in large-scale or pilot settings with substantial technical
support. The challenges of deploying and maintaining IoT infrastructure in SMMEs, where IT expertise is
limited and budgets are tight, receive little attention. Issues such as sensor cost, data integration with legacy
systems, cybersecurity, and the need for ongoing technical support are underexplored. From a practitioner's
perspective, the gap between proof-of-concept IoT deployments and scalable, affordable solutions for SMMEs
remains wide.

C. Artificial Intelligence and Machine Learning Optimisation

Artificial intelligence and machine learning have emerged as powerful tools for optimizing manufacturing
processes, predicting equipment failures, improving product quality, and reducing resource consumption (Wuest
et al., 2016), (Wang et al., 2018). The literature includes numerous studies applying Al and ML techniques to
specific manufacturing challenges, such as energy-efficient scheduling, predictive maintenance, quality control,
and supply chain optimization (Zhao et al., 2019), (O'Donovan et al., 2015). For example, Wu and colleagues
demonstrate the use of generative machine learning for multi-objective optimization of injection molding
parameters, achieving simultaneous improvements in energy consumption and product quality (Wu et al., 2020).
Zheng and Chen propose an improved deep Q-learning algorithm for batch scheduling that balances energy
consumption and productivity (Zheng & Chen, 2021). Naser and colleagues develop a machine learning
framework for automating life cycle assessment in additive manufacturing (Naser et al., 2021).

These studies are methodologically rigorous and demonstrate the potential of Al and ML to drive sustainability
improvements. However, they are overwhelmingly computational and algorithmic in nature, focusing on model
development and validation using historical or simulated data. The organizational, human, and contextual factors
that influence the adoption and effective use of Al and ML in real manufacturing settings are largely absent.
Moreover, the data requirements, computational infrastructure, and technical expertise needed to implement
these solutions are rarely discussed, making it difficult to assess their applicability to SMME:s.

D. Energy Efficiency and Environmental Performance

Energy efficiency is a recurring theme in the smart-sustainable manufacturing literature, reflecting both
economic incentives (energy costs) and environmental imperatives (carbon emissions) (Mourtzis, 2020),
(Herrmann et al., 2011). Studies in this cluster investigate how Industry 4.0 technologies can be used to monitor,
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analyze, and optimize energy consumption at various levels, from individual machines to entire production
systems (Thiede et al., 2011). Research has shown that real-time energy monitoring combined with data analytics
can identify energy waste, optimize production schedules to reduce peak demand, and support the integration of
renewable energy sources (Vogel-Heuser et al., 2016). Digital twins and simulation models are used to evaluate
the energy implications of different production scenarios before implementation (Negri et al., 2017b). Machine
learning algorithms predict energy consumption patterns and recommend adjustments to operating parameters
(Lu et al., 2020).

While the technical approaches are well-developed, the literature tends to focus narrowly on energy as a single
sustainability dimension, often neglecting other environmental impacts such as water use, waste generation, and
emissions of pollutants other than CO2. Furthermore, the integration of energy efficiency measures with broader
sustainability strategies aligned with the Triple Bottom Line is rare. Social dimensions such as worker health
and safety, community impact, and ethical labor practices are almost entirely absent from this cluster of research.

E. Digital Twins and Cyber-Physical Systems (CPS)

Digital twins, virtual replicas of physical assets or processes that are continuously updated with real-time data,
represent one of the most promising applications of Industry 4.0 for sustainability (Grieves & Vickers, 2017),
(Qi et al., 2018). Digital twins enable simulation, prediction, and optimization of manufacturing operations
without disrupting physical production, allowing manufacturers to test scenarios, identify inefficiencies, and
evaluate the environmental impact of decisions before implementation (Tao et al., 2019). The literature includes
studies demonstrating the use of digital twins for energy optimization, predictive maintenance, product lifecycle
management, and circular economy applications (Kritzinger et al., 2018), (Schluse et al., 2018). Cyber-physical
systems, which integrate computation, networking, and physical processes, are closely related and enable
autonomous decision-making and adaptive control in smart manufacturing environments (Lee, 2008).

Despite the conceptual appeal and demonstrated technical feasibility, digital twin and CPS implementations
remain largely confined to large enterprises and research laboratories. The development and maintenance of
digital twins require significant investment in sensors, data infrastructure, modeling expertise, and computational
resources. For SMMEs, the barriers to entry are high. The literature provides few examples of simplified,
modular, or low-cost digital twin solutions tailored to resource-constrained contexts. This represents a significant
gap, as the potential benefits of digital twins for sustainability are substantial if accessible implementations can
be developed.

F. Maturity Models and Readiness Frameworks

Maturity models and readiness assessment frameworks are tools designed to help organizations evaluate their
current state of Industry 4.0 adoption and identify pathways for progression (Schumacher et al., 2016), (Schuh
et al., 2017). Several maturity models have been proposed in the literature, typically defining multiple levels of
maturity (e.g., from basic digitalization to fully autonomous systems) and assessing organizations across
dimensions such as technology, strategy, organization, culture, and governance (Oesterreich & Teuteberg, 2016),
(Gokalp et al., 2017). Schumacher and colleagues developed a widely cited maturity model for Industry 4.0 that
includes nine dimensions and 62 maturity items (Schumacher et al., 2016). De Carolis and colleagues proposed
a maturity model specifically for small and medium enterprises, recognizing the need for context-specific
assessment tools (De Carolis et al., 2017). Other studies have developed readiness frameworks that assess
organizational preparedness for digital transformation Agostini & Filippini, 2019).

While maturity models are valuable for benchmarking and guiding incremental adoption, the existing models
have significant limitations. First, they focus almost exclusively on technological and organizational readiness
for Industry 4.0, with little or no consideration of sustainability performance. None of the reviewed maturity
models integrate sustainability KPIs or assess an organization's maturity in smart-sustainable manufacturing as
a unified concept. Second, even those models developed for SMEs tend to assume a level of organizational
sophistication and resource availability that may not be realistic for micro enterprises or SMMEs in developing
economies. Third, the validation of these models is often limited, with few longitudinal studies demonstrating
their effectiveness in guiding real transformation journeys.
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G. SMME-Specific Studies and Contextual Gaps

SMMEs received limited explicit attention in the reviewed sample. Seven of the 418 titles (1.7%) contained
SMME-related terminology, while only a small number of the 37 deep-coded studies examined SMME contexts.
This title-based result should be interpreted as an indicator of limited visibility rather than a complete measure
of SMME coverage. The SMME-focused studies in the coded sample mainly addressed SMEs in developed
economies and highlighted barriers including limited finance and technical expertise, resistance to change, weak
supply-chain integration, and restricted access to support (Mittal et al., 2018), (Mittal et al., 2019), (De Carolis
et al., 2017). They offered useful diagnostic evidence but comparatively limited guidance for designing and
implementing smart-sustainable manufacturing systems under resource constraints.

Within the 37-study sample, no record develops, implements, and evaluates smart-sustainable manufacturing
frameworks specifically for SMMEs in developing economy contexts, and no record integrates architectural
reference models such as RAMI 4.0 or ISA-95 with sustainability KPIs in SMME settings. Similarly, no study
within the coded sample employs Design Science Research to iteratively develop and validate artifacts (tools,
methods, frameworks) for SMME smart-sustainable manufacturing. A targeted search identified one DSR-based
study validating a decision-support artefact in a manufacturing SME (Kaymakci et al., 2022), confirming that
these are corpus-specific absences rather than field-wide gaps. Taken together, the limited SMME-focused
empirical work, the absence of RAMI 4.0/ISA-95-sustainability integration, and the scarcity of DSR in this
domain reflect a significant disconnect between the published research agenda and the practical needs of
resource-constrained SMMEs, who constitute the vast majority of the world’s manufacturers.

Methodological Landscape: Strengths And Gaps

The methodological distribution of the 37 deep-coded studies reveals important insights about the nature of
research in smart-sustainable manufacturing and highlights significant gaps.

Dominance of Computational and Algorithmic Methods

Forty-four percent of the classifiable records employed computational or algorithmic methods. These studies
typically develop optimization models, machine learning algorithms, or simulation frameworks to address
specific manufacturing challenges such as energy-efficient scheduling, predictive maintenance, or quality
control (Mao et al., 2013), (Wu et al., 2020), (Zheng & Chen, 2021). The strength of this methodological
approach lies in its rigor and precision. Computational studies can demonstrate the theoretical potential of Al,
ML, and optimization techniques to improve sustainability performance under controlled conditions. However,
computational studies have inherent limitations. They often rely on historical data or simulated environments
that may not fully capture the complexity, variability, and uncertainty of real manufacturing operations. They
focus on technical feasibility and algorithmic performance, with little attention to the organizational, human, and
contextual factors that determine whether a solution will be adopted and sustained in practice. From a
practitioner's perspective, a technically optimal algorithm is of limited value if it cannot be implemented,
understood, or maintained by the people who must use it.

Prevalence of Conceptual and Review-Based Frameworks

Twenty-eight percent of the deep-coded records were conceptual or review-based, proposing frameworks,
taxonomies, or research agendas without empirical validation (Stock & Seliger, 2016), (Sartal et al., 2020),
(Kamble et al., 2018b). These studies structure the discourse, synthesise existing knowledge, and identify
research gaps. Their principal limitation is the absence of empirical testing: without implementation evidence,
the practicality and contextual suitability of the proposed frameworks remain uncertain. This contributes to the
continuing gap between academic models and manufacturing practice.

Scarcity of Organizational-Empirical Research

Only 14% of the deep-coded records employed organizational-empirical methods such as surveys, interviews,
or case studies (Mittal et al., 2018), (De Carolis et al., 2017), (Qureshi et al., 2022). These methods are essential
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for understanding how organizations actually adopt and use new technologies, what barriers they encounter, how
they adapt solutions to their specific contexts, and what outcomes they achieve. Empirical research grounded in
real organizational settings provides the contextual richness and practical insights that computational and
conceptual studies cannot. The scarcity of organizational-empirical research in smart-sustainable manufacturing
is a significant gap. It means that the field lacks a robust evidence base on how Industry 4.0 technologies are
actually being used to advance sustainability in diverse manufacturing contexts, what works and what does not,
and how solutions can be tailored to different organizational types and resource levels.

Absence of Design Science Research

Perhaps the most striking methodological gap is the complete absence of Design Science Research in the
reviewed corpus. Not a single study among the 37 deep-coded records employed DSR as its methodological
approach. This is surprising given that DSR is explicitly designed for applied research contexts where the goal
is to create and evaluate artifacts (tools, methods, frameworks, systems) that solve identified problems (Hevner
et al., 2004), (Peffers et al., 2007). DSR is particularly well-suited to the challenge of developing smart-
sustainable manufacturing solutions for SMMESs. It emphasizes iterative design, real-world demonstration,
rigorous evaluation against defined criteria, and continuous refinement based on feedback from practitioners.
The absence of DSR in the 37-study coded corpus represents a missed opportunity within this sample. Targeted
verification subsequently identified at least one DSR-based study (Kaymakci et al., 2022) in the broader
literature, indicating that the gap is corpus-specific rather than a field-wide blind spot; however, DSR-based,
integrated smart-sustainable manufacturing architectures for resource-constrained SMMEs remain scarce.

Integration of Architectural Models and Sustainability KPIs

None of the reviewed studies integrated architectural reference models such as RAMI 4.0 or ISA-95 with
sustainability key performance indicators in an SMME context. RAMI 4.0 and ISA-95 provide structured
approaches to designing and implementing Industry 4.0 systems, but they are typically applied without explicit
consideration of sustainability outcomes. Conversely, sustainability-focused studies often lack the architectural
rigor and systematic approach that RAMI 4.0 and ISA-95 provide. No such integrated maturity model was
identified within the 37-study coded sample. A 2025 study has since proposed integrating economic,
environmental, and social performance indicators into digital maturity models for manufacturing SMEs (Fortier
et al., 2025), indicating that this gap is beginning to be addressed; empirical and longitudinal validation in
resource-constrained SMME contexts nonetheless remains limited.

Practitioner Reflection On The Smme Context

This section offers a practitioner-informed interpretation of the review findings. It does not constitute a separate
empirical dataset, and its observations should therefore be read as contextual reflection rather than independently
analysed evidence. Across the author’s manufacturing experience, solutions designed for large automotive or
electronics plants have not transferred directly to small fabrication shops or family-owned manufacturers. The
differences concern not only scale and budget, but also organisational structures, capabilities, and operating
practices.

Resource Constraints: Financial, Human, and Infrastructural

The most obvious constraint is financial. SMMEs operate on thin margins and limited working capital. Every
dollar spent on new technology is a dollar not available for raw materials, payroll, or debt service. The business
case for technology investment must be clear, immediate, and low-risk. Large enterprises can afford to
experiment, to pilot new technologies, and to absorb the costs of failed initiatives. SMMEs cannot. They need
solutions that are affordable, proven, and deliver measurable returns within months, not years.

Human capital is equally constrained. Large enterprises have dedicated IT departments, process engineers, data
scientists, and sustainability managers. SMME:s typically do not. The owner or general manager wears multiple
hats, and technical expertise is scarce. When a sensor fails or a software system crashes, there is no in-house
expert to troubleshoot. External consultants are expensive and may not understand the specific context of the
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business. This means that any technology solution for SMMEs must be simple, robust, and require minimal
ongoing technical support. Infrastructure is another barrier. Many SMMEs operate with legacy equipment that
was not designed for connectivity. Retrofitting old machines with sensors and communication interfaces is
technically possible but often expensive and disruptive. Cloud-based solutions offer a potential pathway, but
concerns about data security, internet reliability, and subscription costs are real.

Organizational Culture and the Digital Skills Gap

Organizational culture in SMME:s is often shaped by founder or family ownership. Decision-making can be
centralized, informal, and risk-averse. There is a strong attachment to established ways of doing things,
particularly if the business has been successful for many years. The idea of digital transformation can be
perceived as threatening, disruptive, or unnecessary. Convincing leadership to invest in Industry 4.0 technologies
requires not only a solid business case but also trust, patience, and a clear demonstration of value.

The digital skills gap is pervasive. Workers on the shop floor may have deep practical knowledge of their craft
but limited familiarity with digital tools. Training is essential, but it takes time and resources that SMMEs can
ill afford. Moreover, the pace of technological change means that skills can quickly become outdated, requiring
continuous learning and adaptation. Large enterprises can invest in comprehensive training programs and hire
new talent with digital skills. SMMEs must work with the people they have, which means that solutions must be
intuitive and require minimal training.

Supply Chain Integration and Bargaining Power

SMME:s are often embedded in supply chains dominated by larger firms. They may be suppliers to original
equipment manufacturers (OEMs) or retailers who dictate terms, prices, and delivery schedules. This power
imbalance limits the ability of SMME:s to invest in technology or to negotiate favorable terms with technology
vendors. When a large customer demands real-time data sharing or compliance with specific digital standards,
the SMME must comply or risk losing the contract, even if the required investment is burdensome. At the same
time, SMMESs often lack the supply chain visibility and integration that are prerequisites for many Industry 4.0
applications.

The Reality on the Shop Floor

What the literature often overlooks is the reality on the shop floor. Manufacturing in SMMEs is messy,
unpredictable, and deeply human. Machines break down. Suppliers deliver late. Customers change orders at the
last minute. Workers improvise solutions to problems that were never anticipated by engineers or software
developers. In this environment, rigid, complex, or fragile technology solutions are unlikely to succeed. What is
needed are solutions that are flexible, resilient, and aligned with the practical realities of day-to-day operations.

SMMEs have invest in expensive enterprise software systems that were never fully implemented because they
were too complex, too rigid, or too disconnected from actual workflows. The IoT pilot projects that generated
vast amounts of data but no actionable insights because there was no one with the time or expertise to analyze
the data. Moreover, sustainability initiatives that were well-intentioned but unsustainable because they were not
integrated into core business processes and did not deliver measurable economic benefits. The challenge is to
develop smart-sustainable manufacturing frameworks, tools, and methodologies that are genuinely tailored to
SMME contexts.

Research Gaps and Proposed Agenda

The thematic and methodological analysis, combined with the practitioner perspective, reveals five critical
research gaps that constrain the development and adoption of smart-sustainable manufacturing in SMME
contexts.
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Gap 1: Lack of SMME-Specific Empirically Validated Frameworks

The 37-study sample was dominated by generic or large-enterprise-focused conceptual frameworks. Seven of
the 418 titles (1.7%) explicitly contained SMME-related terminology, while the SMME-focused studies in the
deep-coded sample were largely descriptive or survey-based. This indicates a need for frameworks designed
around SMME constraints, capabilities, and priorities and validated through implementation in real SMME
settings. Because the 1.7% result is title-based, it should not be presented as the proportion of the full corpus
that addressed SMMEs.

Gap 2: Limited Use of DSR for Integrated SMME Smart-Sustainable Manufacturing

None of the 37 deep-coded studies employed DSR, although targeted verification identified at least one DSR-
based decision-support artefact validated in a manufacturing SME (Kaymakci et al, 2022). The gap is therefore
not the complete absence of DSR, but its limited use for developing and validating integrated smart-sustainable
manufacturing architectures for resource-constrained SMMEs. Future studies should use DSR to combine
iterative design, real-world demonstration, rigorous evaluation, and practitioner feedback across diverse SMME
contexts.

Gap 3: Limited Architectural Integration of RAMI 4.0 or ISA-95 with Sustainability KPIs

Architectural reference models such as RAMI 4.0 and ISA-95 provide structured approaches to Industry 4.0
system design, while sustainability studies define economic, environmental, and social outcomes. No integration
of these architectural models with sustainability KPIs was identified within the 37-study sample. Updated
targeted searches are required before treating this as a field-wide gap. Subject to that verification, integrating
architectural structure with sustainability measurement remains a valuable direction for developing scalable
SMME systems.

Gap 4: Limited Validation of Sustainability-Integrated Maturity Models

Many established maturity models assess Industry 4.0 readiness across technology, strategy, organization, and
culture while giving limited attention to sustainability outcomes. However, a 2025 study proposed integrating
economic, environmental, and social performance indicators into digital maturity models for manufacturing
SMEs (Fortier et al, 2025). The remaining gap concerns empirical and longitudinal validation, contextual
adaptation to resource-constrained SMMEs, and connection of such assessments to implementation architectures
and measurable transformation pathways.

Gap S: Limited Longitudinal or Case-Study Evidence from Developing Economy SMME:s

The vast majority of empirical research in smart-sustainable manufacturing is conducted in developed economies
and in large-enterprise or pilot settings. There is a critical shortage of longitudinal studies or in-depth case studies
from SMMEs in developing economies, where resource constraints are most acute and the potential impact of
smart-sustainable manufacturing is greatest. Without such evidence, it is impossible to know what works, what
does not, and how solutions must be adapted to different contexts.

Proposed Research Agenda

To address these gaps, this study propose a research agenda centered on the development of a dynamically
scalable, DSR-based, architecturally grounded smart-sustainable manufacturing framework for resource-
constrained SMMEs, evaluated through an integrated maturity model with embedded sustainability KPIs. The
key elements of this agenda are as follows.

First, employ Design Science Research as the methodological foundation. This means iteratively designing,
developing, demonstrating, and evaluating artifacts (frameworks, tools, methods) in real SMME settings, with
continuous feedback from practitioners. The DSR process ensures that solutions are not only theoretically sound
but also practically validated and refined based on real-world experience.
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Second, ground the framework in established architectural reference models, specifically RAMI 4.0 and ISA-
95. Use these models to provide a structured, modular, and scalable approach to designing smart manufacturing
systems. Adapt the models to SMME contexts by identifying which hierarchy levels, life cycle stages, and layers
are most relevant and feasible given resource constraints.

Third, integrate sustainability key performance indicators aligned with the Triple Bottom Line framework into
every level of the architecture. This means defining and measuring economic, environmental, and social
performance indicators at the machine, process, and enterprise levels, and embedding these indicators into
decision-making processes.

Fourth, develop an integrated maturity model that assesses both Industry 4.0 readiness and sustainability
performance in a unified framework. The maturity model should be tailored to SMME contexts, with realistic
benchmarks and progression pathways that reflect the constraints and capabilities of resource-constrained
manufacturers.

Fifth, validate the framework and maturity model through longitudinal case studies in diverse SMME contexts,
with particular emphasis on developing economies. Document implementation processes, challenges,
adaptations, and outcomes in detail. Use these case studies to refine the framework and to generate practical
guidance, tools, and best practices that other SMMEs can adopt.

Integrate sustainability KPIs

Align Triple Bottom Line
indicators at machine, process,
and enterprise levels within the

Employ Design Science

Research Validate through case studies

Iteratively design, develop, architecture. Conduct longitudinal studies in
demonstrate, and evaluate diverse SMMEs to refine the

artifacts in real SMME settings JUCEEEE R framework and generate
with practitioner feedback. practical guidance.

) @
Ground in architectural models

Use RAMI 4.0 and ISA-95 to
provide a structured, modular,
and scalable approach to
system design.

Develop integrated maturity
model

Assess Industry 4.0 readiness
and sustainability performance
using benchmarks tailored to
SMME contexts.

Figure 1. Integrative Framework for Industry 4.0-Enabled Sustainable Manufacturing in SMMEs

CONCLUSION

This literature review has synthesized research at the intersection of Industry 4.0 technologies, sustainable
manufacturing, and small, medium, and micro enterprises. The analysis of 418 records, with deep coding of 37
studies, reveals a field that is rich in technological innovation and conceptual ambition but limited in its attention
to the contexts, constraints, and needs of the vast majority of the world's manufacturers.

Seven thematic clusters were identified: conceptual frameworks; 1oT and sensor-based monitoring; artificial
intelligence and machine learning; energy efficiency; digital twins and cyber-physical systems; maturity models;
and SMME-specific studies. Computational and conceptual approaches dominated the 37-study sample, while
organisational-empirical research was limited. No DSR study or RAMI 4.0/ISA-95 integration with
sustainability KPIs was identified within that sample. Seven of the 418 titles explicitly contained SMME-related
terms. Targeted verification nevertheless identified relevant DSR and sustainability-integrated maturity studies
outside the sample [73], [74], reinforcing the need to update the corpus and frame all absence claims cautiously.
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From a practitioner's perspective, grounded in twenty years of working with manufacturers, the disconnect
between the research agenda and the realities of resource-constrained manufacturing is clear. SMMEs face
fundamentally different constraints than large enterprises: limited financial resources, scarce technical expertise,
weak infrastructure, risk-averse cultures, and limited bargaining power. Solutions developed for large enterprises
do not simply scale down. What is needed are frameworks, tools, and methodologies that are specifically
designed for SMME contexts, empirically validated in real settings, and continuously refined based on
practitioner feedback.

The proposed research agenda addresses these gaps by calling for Design Science Research-based development
of a dynamically scalable, architecturally grounded smart-sustainable manufacturing framework for SMMEs,
integrated with a maturity model that embeds sustainability KPIs. This agenda is not merely an academic
exercise. It is a response to the urgent need to make the benefits of Industry 4.0 and sustainable manufacturing
accessible to the enterprises that employ the majority of the world's manufacturing workforce and that are
essential to inclusive economic development.

The challenge is significant, but so is the opportunity. Smart-sustainable manufacturing has the potential to
transform not only the competitiveness of SMMEs but also their environmental and social impact. Realizing this
potential requires a shift in the research agenda, from technology-centric and large-enterprise-focused studies to
context-sensitive, practitioner-engaged, and empirically grounded research that addresses the real needs of
resource-constrained manufacturers. This review is a call to the academic and practitioner community to embrace
that shift and to work together toward a more inclusive, sustainable, and equitable manufacturing future.
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