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Abstract 

Manufacturing companies increasingly face the challenge of efficiency and quality improvement while attaining 

measurable reductions in environmental impact. Although that Lean Manufacturing has proven effective in waste 

reduction and operational performance enhancement, its largely static and heuristic tools limit its ability to 

address real-time variability and sustainability objectives. This study proposes and empirically evaluates an 

Intelligent Lean Production System (ILPS) that integrates Lean principles with data-driven intelligence that are 

enabled by Industry 4.0 technologies. With the application of longitudinal data from 12 manufacturing plants 

across automotive components, consumer electronics, and agro-processing sectors, the study applies a quasi-

experimental difference-in-differences approach to assess performance before and after ILPS implementation. 

The results show that ILPS adoption led to a 26.4% increase in overall equipment effectiveness, a 22.8% reduction 

in defect rates, and a 32.4% reduction in unplanned downtime. Importantly, these operational gains were 

accompanied by significant sustainability benefits, including a 21.7% reduction in energy intensity, a 17.3% 

decrease in material waste, and an 18.9% reduction in carbon intensity (kg CO₂e per unit). Sectoral analysis 

reveals that energy-intensive agro-processing facilities achieved the largest environmental gains, while high-

precision electronics manufacturing recorded the greatest quality improvements. These findings provide strong 

empirical evidence that embedding intelligent analytics with Lean practices enables efficiency, quality, and 

environmental performance to be optimized concurrently. The study demonstrates that sustainability can be 

treated as a real-time, data-driven operational objective rather than a secondary outcome, thus offering a scalable 

pathway towards resilient and environmentally responsible manufacturing systems.    

Keywords: Lean manufacturing; Intelligent production systems; Industry 4.0; Sustainable manufacturing; Data-

driven optimization; Environmental performance, Operational excellence  

 

INTRODUCTION  

Manufacturing systems are at the center of contemporary 

economic development and environmental sustainability 

challenges. The sector accounts for approximately one-third 

of global energy consumption and a significant share of 

greenhouse gas emissions, while simultaneously facing 

increasing pressure to deliver high quality, customization, 

and cost efficiency (IEA, 2023). These competing demands 

have intensified scholarly and industrial interest in 

production paradigms that are capable of jointly improving 

operational performance and environmental outcomes. 

Lean Manufacturing (LM) or Lean Production System (LPS) 

has long been regarded as one of the most influential 

production philosophies for achieving efficiency and quality 

improvements (Ogbodo et al., 2026; Ihueze et al., 2013). 

Rooted in the Toyota Production System, Lean emphasizes 

waste elimination, flow optimization, continuous 

improvement, and respect for people (Ezeanyim et al., 2026; 

Okpala, 2013a). Empirical studies consistently report Lean’s 

positive effects on productivity, lead time reduction, and 

defect minimization across diverse manufacturing contexts 

(Onukwuli et al., 2025; Okpala et al., 2020a). Beyond 

operational benefits, Lean has also been associated with 

indirect environmental gains, such as reduced material waste 

and lower energy usage through process stabilization 

(Chukwumunya et al., 2025; Okpala et al., 2026a). 

However, despite its demonstrated strengths, traditional Lean 

Manufacturing exhibits inherent limitations when confronted 

with the complexity of modern production systems. Lean 

http://www.ijths.com/


IJTHS, Vol. 2, Issue 2, pp. 742-753, April-June, 2026   www.ijths.com  

 International Journal of Technology, Health and Sustainability     Page| 743 

tools are largely heuristic, static, and reliant on periodic 

human observation, which constrains their ability to respond 

dynamically to real-time variability in demand, energy 

availability, machine health, and environmental performance 

(Buer et al., 2018; Igbokwe et al., 2026). As sustainability 

requirements become more stringent (Deswal, 2025) and 

production environments more data-intensive, these 

limitations increasingly restrict Lean’s capacity to deliver 

measurable and scalable environmental improvements. 

In parallel, the emergence of Intelligent Production Systems 

(IPS), enabled by Industry 4.0 technologies, has transformed 

how manufacturing systems are designed and managed 

(Ajaefobi and Okpala, 2026a; Udu et al., 2025). While IPS is 

a concept from Artificial Intelligence (AI) that focuses on 

reasoning and decision-making with the application of rules 

and logic, Industry 4.0 enables real-time data acquisition, 

predictive intelligence, and system-wide integration 

(Ajaefobi and Okpala, 2026b; Chukwunedum et al., 2026a). 

Advances in the Internet of Things (IoT), cyber-physical 

systems, machine learning, and big data analytics allow real-

time monitoring, predictive control, and autonomous 

decision-making across production networks (Nwankwo et 

al., 2024a; Okpala et al., 2026b). Empirical evidence 

suggests that intelligent systems can significantly reduce 

downtime, improve quality consistency, and enhance 

resource efficiency through predictive maintenance, adaptive 

scheduling, and process optimization (Lee et al., 2015). 

Importantly, recent literature has begun to recognize the 

potential of digital manufacturing technologies to support 

sustainability objectives. Data-driven optimization has been 

shown to reduce energy intensity, minimize material losses, 

and lower carbon emissions when environmental indicators 

are explicitly embedded into control algorithms (Ezeanyim et 

al., 2025; Chukwunedum et al., 2026b). Nevertheless, most 

existing studies examine digitalization and sustainability in 

isolation from established production philosophies such as 

Lean, resulting in fragmented theoretical development and 

limited practical guidance. The integration of Lean 

Manufacturing and Intelligent Production Systems represents 

a critical yet under-explored opportunity. While Lean 

provides a structured logic for waste identification and 

process improvement (Ihueze et al., 2011; Okpala et al., 

2025), intelligent systems offer the analytical and 

computational capabilities that are required to operationalize 

these principles in real time and at scale. Prior conceptual 

work suggests that Industry 4.0 can act as a Lean enabler 

rather than a substitute, which will lead to the enhancement 

of transparency, responsiveness, and decision accuracy 

(Kolberg et al., 2017). However, robust empirical evidence 

that demonstrate how such integration generates measurable 

sustainability benefits alongside efficiency and quality 

improvements remains scarce. Moreover, existing research 

frequently treats environmental performance as a secondary 

or emergent outcome rather than a core optimization 

objective. This omission limits both theoretical advancement 

and policy relevance, particularly as manufacturing firms 

face growing regulatory and stakeholder pressure to quantify 

and disclose sustainability performance (UNIDO, 2022). 

To address these gaps, this study advances a data-driven 

synthesis of Lean Manufacturing and Intelligent Production 

Systems, by explicitly embedding operational efficiency, 

quality performance, and environmental outcomes within a 

unified analytical framework. Through leveraging real-time 

production data, machine learning models, and 

environmental monitoring across multiple manufacturing 

sectors, the study moves beyond conceptual integration to 

provide quantitative, reproducible evidence of sustainability-

enhancing production transformation. Fig. 1 illustrates the 

conceptual transition from traditional Lean Manufacturing to 

Intelligent Production Systems, and highlighted the 

progressive integration of digital technologies, real-time data 

analytics, and sustainability objectives. It visually contrasts 

static Lean tools with dynamic, data-driven intelligence, and 

also emphasized how environmental performance becomes 

an explicit optimization dimension. 

Specifically, the research makes three key contributions:  

1. It develops an Intelligent Lean Production System (ILPS) 

framework that embeds Lean principles within data-

driven decision architectures; 

2. It empirically evaluates the impact of this integration on 

productivity, quality, energy consumption, material 

waste, and carbon emissions using multi-sector 

manufacturing data; and also 

 

Fig. 1: Conceptual evolution from Lean Manufacturing to Intelligent Production Systems. 
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3. It reframes sustainability from a strategic aspiration to an 

operational performance dimension that can be 

continuously measured, optimized, and improved. 

By bridging Lean Manufacturing, intelligent systems, and 

sustainability science, this study contributes to multiple 

research streams and offers actionable insights for 

manufacturers, policymakers, and scholars who seek scalable 

pathways towards environmentally responsible industrial 

competitiveness. 

LITERATURE REVIEW 

Lean Manufacturing: Efficiency and Quality 

Foundations 

Lean Manufacturing (LM) has been extensively studied as a 

dominant production paradigm for improving operational 

efficiency and quality performance. Originating from the 

Toyota Production System, Lean focuses on the systematic 

elimination of non-value-adding activities, flow 

optimization, standardization, and continuous improvement 

(Ihueze and Okpala, 2012; Okpala, 2013b). Empirical 

research consistently demonstrates that Lean practices like 

just-in-time production, Kaizen, total productive 

maintenance, and statistical process control are associated 

with reduced lead times, higher productivity, and lower 

defect rates across manufacturing sectors (Ihueze and 

Okpala, 2011; Okpala et al., 2024a). Kaizen which is a 

Japanese word for continuous improvement is aimed at 

enabling operators and managers to detect problems, 

determine improvement priorities, find root cause of the 

problem, fix it, and then determine better ways to prevent 

such problems from reoccurring (Okpala et al., 2020b; 

Okpala et al., 2024b). 

Methodologically, Lean research has largely relied on 

survey-based constructs, case studies, and cross-sectional 

performance assessments. While these approaches have 

advanced understanding of implementation contingencies, 

they offer limited insight into dynamic system behavior or 

real-time decision-making (Bhamu and Sangwan, 2014). As 

production environments become increasingly complex and 

data-rich, the static nature of traditional Lean tools constrains 

their scalability and responsiveness. 

Lean Manufacturing and Environmental Sustainability 

An important stream of research has explored the relationship 

between Lean Manufacturing and environmental 

performance. Early studies suggested that Lean practices 

indirectly support sustainability by reducing material waste, 

excess inventory, and rework (King and Lenox, 2001). 

Subsequent research introduced the concept of “Lean and 

Green,” arguing that waste elimination and resource 

efficiency are conceptually aligned (Dües et al., 2013). 

However, empirical evidence on Lean’s environmental 

benefits remains mixed. While reductions in material waste 

and process inefficiencies are commonly reported, energy 

consumption and carbon emissions are not consistently 

improved, particularly in energy-intensive or highly 

automated environments (Garza-Reyes, 2015). This 

inconsistency has been attributed to Lean’s limited capacity 

to explicitly measure and optimize environmental variables, 

which are often treated as secondary outcomes rather than 

core performance objectives (Cherrafi et al., 2018). As a 

result, Lean’s sustainability potential is frequently under-

realized in practice. 

Intelligent Production Systems and Industry 4.0 

Intelligent Production Systems (IPS) represent a paradigm 

shift that was enabled by Industry 4.0 technologies, including 

cyber-physical systems, IoT, cloud computing, and artificial 

intelligence (Kagermann et al., 2013). These systems enable 

continuous data acquisition, real-time analytics, and 

autonomous control, which facilitate predictive maintenance, 

adaptive scheduling, and quality forecasting (Lee et al., 

2015). Empirical studies show that IPS significantly improve 

operational performance through the reduction of downtime, 

stabilization of processes, and flexibility increment (Frank et 

al., 2019). Machine learning models, in particular, have 

demonstrated strong predictive accuracy in defect detection, 

demand forecasting, and equipment failure prediction, thus 

outperforming traditional rule-based systems (Wang et al., 

2016). Despite these advances, IPS research often prioritizes 

technological performance over organizational integration 

and established improvement philosophies such as Lean 

Manufacturing. 

Digitalization and Sustainability in Manufacturing 

A growing body of literature links digital manufacturing 

technologies to sustainability outcomes. Data-driven 

optimization enables firms to reduce energy intensity, 

improve material yields, and minimize emissions by 

integrating environmental constraints into decision-making 

algorithms (Stock and Seliger, 2016). Life-cycle data 

integration and real-time energy monitoring have been shown 

to support low-carbon production strategies and compliance 

with environmental regulations (Bonilla et al., 2018). 

Nevertheless, many sustainability-oriented digitalization 

studies remain conceptual or simulation-based, with limited 

empirical validation using real production data (Kamble et 

al., 2018). Moreover, environmental metrics are often 

analyzed in isolation from traditional manufacturing 

performance indicators, which reinforces the perception of a 

trade-off between efficiency and sustainability. 

Integration of Lean Manufacturing and Intelligent 

Systems 

Fig. 2 maps core Lean principles (e.g., waste elimination, 

flow, standardization) to enabling Industry 4.0 technologies 

(e.g., IoT, machine learning, cyber-physical systems). It 

demonstrates how digital tools operationalize Lean 

objectives at scale, while extending their scope to 

environmental performance. 

Recent research has begun to explore the intersection of Lean 

Manufacturing and Industry 4.0. Several authors argue that 

digital technologies can act as Lean enablers by increasing 

process transparency, reducing information latency, and 

supporting continuous improvement initiatives (Kolberg et 

al., 2017). Empirical studies suggest that firms combining 

Lean practices with digital tools achieve superior operational 

performance compared to those who adopt either approach in 
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isolation (Sony, 2020). However, existing integration studies 

exhibit three key limitations:  

i. They often rely on perceptual performance measures 

rather than objective, data-driven metrics;  

ii. Sustainability outcomes are rarely quantified or 

systematically linked to integration mechanisms; and  

iii. Methodological frameworks that operationalize real-

time environmental optimization within Lean systems 

remain underdeveloped (Tortorella et al., 2021). 

Research Gaps and Theoretical Synthesis 

Synthesizing these literature streams reveals a critical gap at 

the intersection of Lean Manufacturing, intelligent 

production, and environmental sustainability. While Lean 

provides a robust logic for waste reduction and process 

improvement, it lacks the analytical capacity to manage 

complex, data-intensive sustainability challenges. 

Conversely, Intelligent Production Systems offer advanced 

optimization capabilities, but often lack integration with 

established operational philosophies. This study responds to 

these gaps by proposing a data-driven synthesis framework 

that integrates Lean principles within intelligent decision 

architectures, thus explicitly optimizing efficiency, quality, 

and environmental performance simultaneously. By 

empirically evaluating this integration across multiple 

manufacturing sectors with the application of objective 

sustainability metrics, the study advances both theory and 

practice, and contributed to the emerging discourse on 

sustainable intelligent manufacturing. 

METHODOLOGICAL FRAMEWORK 

Research Design and Methodological Orientation 

This study adopts a quantitative, data-driven, multi-method 

research design to examine the integrated effects of Lean 

Manufacturing and Intelligent Production Systems on 

operational efficiency, quality performance, and 

environmental sustainability. The methodological orientation 

is grounded in socio-technical systems theory, which 

conceptualizes manufacturing systems as interdependent 

combinations of human practices, digital technologies, and 

organizational routines (Trist and Bamforth, 1951). To 

capture both structural and dynamic system effects, the study 

employs a longitudinal quasi-experimental design, and 

compared performance outcomes before and after the 

implementation of an Intelligent Lean Production System 

(ILPS). This design enables causal inference while 

accommodating the operational constraints of real industrial 

settings (Shadish et al., 2002). 

Intelligent Lean Production System (ILPS) Architecture 

The proposed ILPS framework operationalizes Lean 

principles through data-driven intelligence across four 

interrelated layers. Fig. 3 presents the four-layer ILPS 

framework, and depicted the interaction between Lean 

process foundations, data acquisition infrastructure, analytics 

and machine intelligence, as well as real-time decision and 

control mechanisms. Feedback loops illustrate continuous 

improvement and sustainability optimization that were 

enabled by data-driven intelligence. 

a. Lean Process Layer: Core Lean practices including value 

stream mapping, standardized work, continuous flow, and 

total productive maintenance serve as the foundational 

logic for waste identification and process stability (Ohno, 

1988). 

b. Data Acquisition Layer: Real-time production data were 

collected with the application of IoT-enabled sensors and 

 

Fig. 2: Integration of Lean principles and Industry 4.0 technologies. 
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Manufacturing Execution Systems (MES). Data streams 

include machine status, cycle time, energy consumption, 

material flow, defect occurrence, and environmental 

parameters (Lee et al., 2015).  

c. Analytics and Intelligence Layer: Advanced analytics and 

machine learning models transform raw data into 

actionable insights. Random forest algorithms were 

applied for defect and scrap prediction, while Long Short-

Term Memory (LSTM) networks forecast demand and 

energy usage patterns. These models enable predictive 

and prescriptive decision-making beyond the capabilities 

of traditional Lean tools (Wang et al., 2016).  

d. Decision and Control Layer: Optimization algorithms 

dynamically adjust production schedules, maintenance 

plans, and energy consumption strategies in real time. 

Environmental indicators were embedded as constraints 

and objective functions, in order to ensure that 

sustainability performance is explicitly optimized 

alongside efficiency and quality (Stock and Seliger, 

2016). 

Data Collection and Sample Description 

Empirical data were collected from 12 manufacturing plants 

across three sectors, which are automotive components, 

consumer electronics, and agro-processing.  They were 

selected for their diversity in process complexity and 

resource intensity. Data collection spanned 18 months, 

comprised of a 9-month pre-implementation period and a 9-

month post-implementation period. 

The dataset includes the following:  

i. Machine-level operational data (cycle time, downtime, 

throughput);  

ii. Quality metrics (defect rates, rework volumes);  

iii. Energy consumption data (kWh per machine and per 

unit);  

iv. Material waste data (kg of scrap per unit); as well as  

v. Environmental impact data (Scope 1 and Scope 2 carbon 

emissions). Environmental data were aligned with the 

Greenhouse Gas Protocol and converted to carbon 

dioxide equivalents (kg CO₂e) using standardized 

emission factors (Deswal and Deswal, 2025; WRI and 

WBCSD, 2015). 

Performance Measurement and Sustainability Metrics 

Fig. 4 illustrates the end-to-end data pipeline from sensor-

level data acquisition through analytics, optimization, and 

operational decision-making. Environmental indicators such 

as energy use and carbon emissions were embedded 

alongside efficiency and quality metrics, in order to highlight 

their role as primary decision variables. 

To ensure methodological rigor and comparability with prior 

research, performance was assessed using validated 

operational and environmental indicators.  

Operational Efficiency was measured using the following: (i) 

Overall Equipment Effectiveness (OEE), which is a metric 

for the evaluation of the efficiency of manufacturing 

equipment by considering three primary factors: availability, 

performance, and quality (Nwankwo et al., 2024b; Okpala 

and Anozie, 2018). (ii) Throughput rate (units/hour), and (iii) 

Unplanned downtime (%). 

Quality Performance was assessed through: (i) Defect rate (% 

of total output), (ii) Rework ratio, and (iii) First-pass yield 

(%). 

Environmental Sustainability was quantified using: (i) 

Energy intensity (kWh/unit), (ii) Material efficiency (yield 

percentage), and (iii) Carbon intensity (kg CO₂e/unit). 

Unlike traditional Lean studies, sustainability metrics were 

treated as primary dependent variables rather than secondary 

outcomes, in order to enable direct evaluation of 

environmental benefits (Ghobakhloo, 2020). 

 

 

Fig. 3: Intelligent Lean Production System (ILPS) methodological framework. 
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Analytical Approach 

The analytical strategy combines Difference-in-Differences 

(DiD) estimation with machine learning validation 

techniques. The DiD approach compares performance 

changes in ILPS-adopting plants that are relative to their own 

historical baselines, thus controlling for temporal effects and 

sectoral variation (Angrist and Pischke, 2009). The general 

DiD specification is expressed as: 

𝑌𝑖𝑡 = 𝛼 + 𝛽1𝐼𝐿𝑃𝑆𝑖 + 𝛽2𝑃𝑜𝑠𝑡𝑡 + 𝛽3(𝐼𝐿𝑃𝑆𝑖 × 𝑃𝑜𝑠𝑡𝑡) +
𝛾𝑋𝑖𝑡 + 𝜀𝑖𝑡            (1) 

where  𝑌𝑖𝑡  represents performance outcomes, 𝐼𝐿𝑃𝑆𝑖  denotes 

system implementation, 𝑃𝑜𝑠𝑡𝑡  captures the post-

implementation period, and 𝑋𝑖𝑡  includes control variables 

such as production volume and product mix. Machine 

learning model performance was evaluated using cross-

validation and standard accuracy metrics, including 

precision, recall, and Mean Absolute Percentage Error 

(MAPE). 

Validity, Reliability, and Reproducibility 

Internal validity was strengthened through longitudinal data 

collection and within-plant comparisons. Construct validity 

was ensured by using widely accepted performance 

indicators and standardized environmental accounting 

frameworks. Reliability was enhanced through automated 

data collection, thereby minimizing human measurement 

error. To support reproducibility and transparency, data 

preprocessing scripts, model parameters, and aggregated 

datasets were archived and available upon reasonable 

request, which is consistent with open science best practices 

(Munafò et al., 2017). 

Ethical and Practical Considerations 

All data were anonymized at the plant and firm levels to 

protect commercial confidentiality. The study adheres to 

ethical guidelines for industrial research and does not involve 

human subject experimentation. 

RESULTS 

Descriptive Statistics and Baseline Performance 

Table 1 summarizes the descriptive statistics of the key 

operational, quality, and environmental indicators across the 

12 manufacturing plants during the pre-implementation 

(Lean-only) period. Considerable heterogeneity was 

observed across sectors, particularly in energy intensity and 

carbon emissions, in order to underscore the importance of 

sector-controlled longitudinal analysis. 

Baseline values are consistent with reported ranges in Lean-

dominant manufacturing systems (King and Lenox, 2001; 

Garza-Reyes, 2015), which indicate the sample’s 

representativeness. 

Overall Impact of ILPS Implementation 

Difference-in-Differences (DiD) estimates reveal statistically 

significant improvements across all three performance 

dimensions following ILPS implementation as shown in 

Table 2. The interaction term (ILPS × Post) captures the net 

effect of embedding intelligent systems into Lean operations. 

Table 1: Baseline performance indicators (pre-ILPS 

implementation). 

Metric Mean Std. Dev. Min Max 

Overall Equipment 

Effectiveness (OEE, %) 
61.80 6.40 52.1 71.5 

Defect Rate (%) 4.70 1.30 2.50 7.20 

Energy Intensity  

(kWh/unit) 
5.42 1.91 2.80 9.75 

Material Waste (kg/unit) 0.83 0.29 0.35 1.42 

Carbon Intensity  

(kg CO₂e/unit) 
3.96 1.44 1.92 7.38 

 

 

Fig. 4: Data flow and analytics pipeline for sustainability-oriented decision making. 

Table 2: Difference-in-Differences estimation results. 

Dependent 

Variable 

DiD 

Coefficient 

Std. 

Error 

t-

value 

p-

value 

OEE  

(%) 
+16.30 2.40 6.79 <0.001 

Defect Rate  

(%) 
−1.07 0.18 −5.94 <0.001 

Energy Intensity  

(kWh/unit) 
−1.18 0.21 −5.62 <0.001 

Material Waste  

(kg/unit) 
−0.14 0.04 −3.50 0.001 

Carbon Intensity  

(kg CO₂e/unit) 
−0.75 0.17 −4.41 <0.001 
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Fig. 5 visually compares average efficiency, quality, and 

environmental performance before and after ILPS 

implementation. The bar charts illustrate simultaneous 

improvements across dimensions, and thus reinforces the 

empirical evidence of triple-bottom-line gains. 

These results indicate that ILPS adoption yields simultaneous 

efficiency, quality, and sustainability gains, contradicting the 

commonly assumed trade-off between productivity and 

environmental performance. 

Efficiency and Quality Performance Improvements 

Post-implementation analysis as highlighted in Table 3, 

shows a substantial improvement in operational stability and 

quality outcomes. Average OEE increased from 61.8% to 

78.1%, representing a 26.4% relative improvement, while 

defect rates declined by 22.8%. 

Predictive maintenance models reduced unplanned downtime 

by enabling early fault detection, while machine-learning-

assisted quality prediction significantly improved first-pass 

yield. These findings align with prior IPS studies but extend 

them by integrating Lean continuous improvement logic (Lee 

et al., 2015; Tortorella et al., 2021). 

Environmental Sustainability Outcomes 

As highlighted in Table 4, environmental performance 

improvements were both substantial and statistically robust. 

Energy intensity declined by 21.7%, while carbon intensity 

decreased by 18.9%, and thus demonstrating that 

environmental benefits were not incidental but structurally 

enabled by data-driven optimization. 

Fig. 6 illustrates time-series changes in energy consumption 

and carbon intensity before and after ILPS adoption. It 

demonstrates how real-time analytics and adaptive 

scheduling reduce variability and lower average 

environmental impact. 

Notably, energy savings were achieved through dynamic load 

balancing and low-carbon scheduling, the capabilities that are 

absent in conventional Lean systems. Material waste 

reductions resulted from predictive defect avoidance, rather 

than downstream inspection, thus reinforcing sustainability at 

the process level. 

Sectoral Comparison of ILPS Effects 

To examine sectoral variability, Table 5 presents normalized 

performance improvements by industry. While all sectors 

benefited from ILPS adoption, the magnitude of gains varied 

according to process characteristics and baseline variability. 

Fig, 7 presents normalized percentage improvements by 

sector (automotive, electronics, agro-processing), and 

highlighted how process characteristics influence the 

magnitude of efficiency, quality, and environmental gains. 

The figure supports generalizability while acknowledging 

contextual variation. 

Agro-processing facilities exhibited the largest 

environmental gains due to high initial variability in energy 

usage, while electronics manufacturing achieved the greatest 

 

Fig. 5: Pre and post-ILPS performance comparison across key dimensions. 

Table 3: Pre- and Post-ILPS operational and quality 

performance. 

Metric 
Pre-ILPS 

Mean 

Post-ILPS 

Mean 
% Change 

OEE  

(%) 
61.8 78.1 +26.4% 

Unplanned 

Downtime  

(%) 

14.2 9.6 −32.4% 

Defect Rate  

(%) 
4.7 3.6 −22.8% 

First-Pass Yield  

(%) 
91.4 96.1 +5.1% 

 

Table 4: Environmental performance before and after ILPS. 

Indicator 
Pre-

ILPS 

Post-

ILPS 

Absolute 

Change 

% 

Change 

Energy 

Intensity  

(kWh/unit) 

5.42 4.24 −1.18 −21.7% 

Material 

Waste  

(kg/unit) 

0.83 0.69 −0.14 −17.3% 

Carbon 

Intensity  

(kg CO₂e/unit) 

3.96 3.21 −0.75 −18.9% 
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quality improvements, which reflected the sensitivity of high-

precision processes to data-driven control. 

Robustness and Model Validation 

Machine-learning model performance metrics (Table 6) 

indicate strong predictive accuracy, thereby supporting the 

reliability of the intelligent decision layer. 

Cross-validation results confirm that predictive models 

generalize well across plants and sectors, which reinforce the 

scalability of the proposed ILPS framework. 

Summary of Key Findings 

Overall, the results demonstrate that the integration of Lean 

Manufacturing with Intelligent Production Systems yields 

statistically significant and practically meaningful 

improvements across efficiency, quality, and environmental 

dimensions. Unlike traditional Lean implementations, ILPS 

enables sustainability outcomes to be measured, optimized, 

and sustained in real time, and thus provide empirical support 

for the proposed data-driven synthesis. 

 

Fig. 6: Dynamic Optimization of Energy and Carbon Intensity under ILPS. 

Table 5: Sector-specific performance improvements (% 

Change). 

Sector OEE 
Defect 

Rate 

Energy 

Intensity 

Carbon 

Intensity 

Automotive 

Components 
+24.8% −20.5% −18.3% −16.7% 

Consumer 

Electronics 
+28.9% −27.6% −20.4% −17.9% 

Agro-

processing 
+25.2% −19.8% −26.4% −23.7% 

 

Table 6: Machine learning model performance. 

Application Model Key Metric Value 

Defect Prediction 
Random 

Forest 
Precision 0.91 

Defect Prediction 
Random 

Forest 
Recall 0.88 

Energy 

Forecasting 
LSTM MAPE 6.3% 

Demand 

Forecasting 
LSTM MAPE 7.1% 

 

 

Fig. 7: Sectoral variability in sustainability and operational improvements. 
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DISCUSSION 

Fig. 8 positions the ILPS framework at the intersection of 

Lean Manufacturing, Intelligent Production Systems, and 

sustainability theory. It visually synthesizes the study’s 

theoretical contribution and highlights pathways for future 

research. 

Synthesis of Key Findings 

This study provides robust empirical evidence that the 

integration of Lean Manufacturing with Intelligent 

Production Systems operationalized through the proposed 

Intelligent Lean Production System (ILPS) framework, 

generates simultaneous and statistically significant 

improvements in efficiency, quality, and environmental 

performance. The results demonstrate that ILPS adoption led 

to substantial gains in Overall Equipment Effectiveness, 

reductions in defect rates, and marked decreases in energy 

intensity, material waste, and carbon emissions. 

These findings extend prior research that has largely treated 

operational excellence and sustainability as either sequential 

or competing objectives (King and Lenox, 2001). Instead, the 

evidence presented here supports the argument that data-

driven intelligence transforms sustainability from an indirect 

by-product of efficiency into a directly optimizable 

operational outcome (Stock and Seliger, 2016). 

Implications for Lean Manufacturing Theory 

From a theoretical perspective, the findings challenge the 

traditional conceptualization of Lean Manufacturing as a 

predominantly static, heuristic-driven system. While Lean 

principles such as waste elimination and flow optimization 

remain foundational, the results indicate that their 

effectiveness is significantly amplified when embedded 

within real-time data and analytics infrastructures. This study 

therefore extends Lean theory through the introduction of 

computational adaptability as a critical enabling mechanism. 

Whereas conventional Lean relies on periodic kaizen events 

and human observation, ILPS enables continuous, algorithm-

driven improvement cycles that respond dynamically to 

system variability. In doing so, the study supports emerging 

views that Lean should be understood not as a fixed set of 

tools, but as an evolving socio-technical system (Netland, 

2016). 

Intelligent Production Systems as Sustainability Enablers 

The environmental performance improvements observed, 

especially the reductions in energy and carbon intensity 

provide empirical validation for claims that Industry 4.0 

technologies can serve as sustainability enablers when 

environmental objectives are explicitly integrated into 

decision models (Bonilla et al., 2018). Unlike many prior 

studies that rely on simulations or conceptual reasoning, this 

research demonstrates real-world, plant-level sustainability 

gains that are supported by longitudinal data. Importantly, the 

results reveal that environmental benefits were not merely 

proportional to production volume reductions, but were 

achieved through structural changes in how production 

systems operate. Predictive maintenance, adaptive 

scheduling, and energy-aware optimization allowed firms to 

decouple output growth from environmental impact, in order 

to align with the Porter hypothesis that innovation can 

simultaneously enhance competitiveness and environmental 

performance (Porter and van der Linde, 1995). 

Resolving the Efficiency-Sustainability Trade-Off 

A persistent debate in operations and sustainability literature 

concerns whether efficiency improvements inherently 

conflict with environmental objectives. The findings of this 

study provide strong evidence against this presumed trade-

 

Fig. 8: Theoretical positioning of ILPS within sustainable manufacturing research. 
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off. Through the integration of sustainability metrics like 

energy intensity and carbon emissions directly into 

optimization algorithms, ILPS enables multi-objective 

performance optimization. This result contributes to a 

growing body of literature which suggest that trade-offs arise 

primarily from measurement and governance limitations, 

rather than from fundamental technological constraints 

(Cherrafi et al., 2018). When sustainability is treated as a 

real-time operational variable rather than an ex-post reporting 

metric, it becomes amenable to the same continuous 

improvement logic that underpins Lean Manufacturing. 

Sectoral Insights and Generalizability 

The sectoral analysis further enriches the discussion by 

demonstrating that while ILPS benefits are universal, their 

magnitude varies by process characteristics and baseline 

variability. Energy-intensive sectors such as agro-processing 

exhibited the largest environmental gains, whereas high-

precision electronics manufacturing achieved superior 

quality improvements. These findings align with 

contingency-based perspectives in operations management, 

which emphasize contextual fit over universal prescriptions 

(Shah and Ward, 2007). Crucially, the consistency of positive 

outcomes across diverse sectors strengthens the 

generalizability of the ILPS framework and suggests that the 

proposed synthesis is applicable beyond narrowly defined 

industrial contexts. 

Managerial and Policy Implications 

For practitioners, the results underscore the importance of 

viewing digitalization not as a replacement for Lean, but as 

its logical extension. Investments in IoT, analytics, and AI 

yield the greatest returns when guided by Lean process logic 

and continuous improvement culture. Managers should 

therefore prioritize integrated transformation strategies that 

align people, processes, and data. From a policy perspective, 

the findings have significant implications for industrial 

sustainability and decarbonization strategies. Rather than 

incentivizing isolated technology adoption, policymakers 

should promote frameworks that integrate digital intelligence 

with proven operational philosophies. Such an approach can 

accelerate progress towards national and international 

climate targets while maintaining industrial competitiveness 

(UNIDO, 2022). 

Limitations and Directions for Future Research 

Despite its contributions, this study has limitations that 

suggest avenues for future research, which include the 

following: (a) While the longitudinal design strengthens 

causal inference, randomized controlled experiments were 

not feasible in the industrial settings examined. (b) The 

analysis focuses on operational-level sustainability metrics 

and does not capture full life-cycle environmental impacts. 

Future research could extend the ILPS framework through 

the incorporation of life-cycle assessment, circular economy 

indicators, and social sustainability dimensions. 

Additionally, studies that focus on small and medium-sized 

enterprises would enhance the understanding of scalability 

and adoption barriers. Finally, deeper exploration of 

organizational learning and human–AI interaction within 

ILPS environments represents a promising research frontier. 

CONCLUSION 

This study set out to examine how Lean Manufacturing can 

be systematically extended through Intelligent Production 

Systems to address the growing demands for efficiency, 

quality, and environmental sustainability in modern 

manufacturing. By proposing and empirically validating the 

Intelligent Lean Production System (ILPS) framework, the 

article demonstrates that data-driven intelligence 

fundamentally reshapes the role of Lean from a primarily 

efficiency-oriented philosophy into a dynamic, 

sustainability-optimizing production paradigm. The findings 

show that the integration of real-time data acquisition, 

advanced analytics, and adaptive decision-making with Lean 

principles leads to substantial and simultaneous 

improvements across multiple performance dimensions. 

Measurable gains in operational efficiency and quality were 

accompanied by significant reductions in energy 

consumption, material waste, and carbon intensity. These 

results provide clear evidence that sustainability outcomes 

can be achieved not as secondary by-products of efficiency 

initiatives, but as primary, continuously optimized 

operational objectives. 

From a theoretical standpoint, the study advances 

manufacturing and operations management research by 

bridging traditionally fragmented streams of Lean 

Manufacturing, intelligent production, and sustainability. It 

highlights the importance of viewing production systems as 

adaptive socio-technical systems in which human practices, 

digital technologies, and environmental objectives are tightly 

coupled. Methodologically, the use of longitudinal, plant-

level data and objective sustainability metrics strengthens 

causal inference and enhances the relevance of the findings 

for both scholars and practitioners. Practically, the results 

suggest that manufacturing firms should move beyond 

isolated digitalization or Lean initiatives and instead pursue 

integrated transformation strategies. Investments in 

intelligent technologies yield the greatest benefits when 

guided by Lean process logic and embedded within 

continuous improvement cultures. For policymakers, the 

study underscores the value of supporting integrated 

frameworks that simultaneously advance industrial 

competitiveness and environmental performance. 

While the study focuses on operational-level outcomes, it 

opens important avenues for future research, including the 

integration of life-cycle perspectives, circular economy 

strategies, and social sustainability dimensions. Further 

investigation into adoption challenges, particularly among 

small and medium-sized enterprises, would also enhance the 

understanding of scalability and impact. In conclusion, this 

research demonstrates that the transition from Lean 

Manufacturing to Intelligent Production Systems is not 

merely a technological upgrade, but a fundamental evolution 

in how manufacturing systems create value. By enabling 

efficiency, quality, and sustainability to be optimized 

concurrently, the proposed ILPS framework offers a scalable 
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and evidence-based pathway towards resilient and 

environmentally responsible industrial production. 
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