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The concept of smart manufacturing has greatly developed following the advent of Industry 

4.0, which has made it possible to incorporate the use of new technology into a conventional 

production system due to the added value of the Internet of Things (IoT), data analysis, and 

intelligent automation. However, operational inefficiency of many manufacturing 

organizations by segmented and secluded application of the Lean practices, Internet of Things-

based monitoring, and maintenance approaches remains a significant problem in spite of all the 

improvements made. In this work, the researcher fills this gap by suggesting a data-centric 

optimisation paradigm that could combine the Lean manufacturing concepts, IoT analytics, and 

predictive maintenance into one system. This is mainly aimed at improving operational 

efficiency in the relationship by minimising waste through reducing the machine downtime, 

and making better use of resources. The study uses simulation models and secondary data as 

analytical methods to examine the performance of the system at varying operational 

conditions. The results show that the combined framework enhances productivity, minimises 

unexpected downtime, and decreases the cost of operations as compared to conventional 

isolated strategies. The presented model offers a well-organised means through which the 

manufacturing industries can shift towards data-driven and intelligent operations. The work is 

valuable to the current literature as it provides a thorough and scalable framework that 

addresses the divide between Lean approaches and digital transformation technologies in smart 

factory settings. 
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1. INTRODUCTION 

1.1 Background 

The production process has been transformed dramatically with 

the industry 4.0 paradigm, where manufacturing systems are 

through highly automated and interconnected systems 

compared to the old and gadget-intensive ways of 

manufacturing. The previous manufacturing paradigm featured 

mass production and low flexibility with reactive maintenance 

as its main aspects. Nevertheless, the introduction of cyber-

physical systems (CPS), Internet of Things (IoT), cloud 

computing, and advanced analytics has made it possible to 

monitor the processes in manufacturing ecosystems in real-

time, make intelligent decisions, and perform autonomous 

actions [1]. The cyber-physical systems combine the physical 

equipment with digital intelligence that enables machines to 

interact, process and react dynamically to conditions in 

production. The automation technologies also contribute to the 

efficiency of the operations because they minimise the number 

of human actions in the processes, lower the precision and 

introduce homogeneity in the manufacturing process [2]. 

 

1.2 Problem Statement 

Even in the era of technological growth, numerous 

manufacturing companies proceed to realise Lean 

manufacturing, IoT analytics, and maintenance solutions 

separately. This has resulted in inefficient performance because 

the synergies that might arise between these approaches have 

not been exhausted. Lean principles are aimed at the reduction 

of waste and efficiency of the process, whereas IoT is used to 

obtain data in real-time and predictive maintenance is aimed at 

preventing the failure of equipment. Nevertheless, lack of an in-

built optimisation framework leads to inefficiency(s), including 

more downtime, higher cost of operation and low scalability 

[3]. 

 

1.3 Research Objectives 

The general aim of the proposed research is to design a full-

fledged data-driven optimisation system that combines the 

concept of Lean and IoT analytics with predictive maintenance. 

The research will be conducted to examine the effects of such 

integration on operational effectiveness and to assess some of 

the important performance measures, such as reduction in costs, 

minimisation in downtimes and improvement in throughput [4]. 

 

1.4 Research Questions 

The proposed study aims to answer the important questions: 

What is the way to improve Lean manufacturing concepts with 

the help of IoT insights? How can predictive maintenance help 

increase the reliability of the system in smart factories? Will the 

combination of these technologies make a huge contribution to 

efficiency measures relative to traditional methodologies? [5] 

 

1.5 Significance of the Study 

This study has immense industrial applicability because 

production industries are moving in larger numbers towards 

smart and sustainable production systems. It adds to the current 

body of literature about Industry 4.0 by suggesting a flexible 

and universal framework that adapts the traditional Lean 

procedures to the digital transformation technologies. 

Managerially, the research offers practical suggestions to 

decision-makers that help optimise operations and improve the 

use of resources and competitiveness in a fast-changing 

industry [6]. 

 

2. LITERATURE REVIEW 

2.1 Smart Manufacturing and Industry 4.0 

Smart manufacturing means the implementation of new digital 

technologies into the production process so as to make 

decisions in real-time, apply flexibility, and improve efficiency. 

Industry 4.0 can be described by the use of cyber-physical 

systems, IoT-capable machines, cloud computing, and digital 

twins that subsequently turn an average factory into a smart and 

connected space [7]. The structure of intelligent manufacturing 

is generally a stratified system with physical devices, 

information gathering layers, data transmission, and analysis 

platforms. The use of technologies like artificial intelligence, 

edge computing, and blockchain further contributes to the 

transparency, traceability of systems, and automation of the 

system. These innovations enable predictive, decentralised, and 

complete supply across the manufacturing value chain, which 

leads to better productivity and operational agility [8]. 

 

2.2 Lean Manufacturing Principles 

Lean manufacturing aims at optimising value and reducing 

waste or minimising the production system. The fundamental 

philosophy is based on the removal of three categories of 

inefficiency that include: Muda (non-value-added activities), 

Mura (process variability) and Muri (overburden) [9]. Very 

common tools across the board include Value Stream Mapping 

(VSM) as a tool used in visualising the workflow, pinpointing 

bottlenecks, and streamlining the processes. Lean underlines the 

persistence of improvement (Kaizen), standardisation of work 

and just-in-time manufacturing to promote efficiency. 

Nevertheless, the conventional Lean methods are typically 

based on the use of manual observation and fixed analysis, 

which restricts their efficiency in dynamic and data-intensive 

settings. Integration of digital technologies can contribute 

greatly to improving Lean implementation as it can offer real-

time insights and decide by data [10]. 

 

2.3 IoT Analytics of Manufacturing 

The IoT has brought a revolution to the manufacturing process 

by allowing the real-time collection of data through machines, 

sensors, and production lines. The IoT analytics comprises the 

processing of such a great amount of data with the help of big 

data technologies and machine learning algorithms to extract 

actionable insights [11]. Real-time monitoring enables the 

manufacturer to observe machine performance, identify 

anomalies and optimise resource utilisation. Predictive 

modelling, clustering, and deep learning are sophisticated 

techniques of analytics that are becoming widespread in the 

effort to enhance the efficiency of operations and the quality of 

products. Remote monitoring, automated control, and improved 

work of the supply chain operations are also supported by IoT-

driven systems, which also make them an essential part of the 

smart manufacturing ecosystem [12]. 
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2.4 Predictive Maintenance (PdM) 

Predictive maintenance is an innovative form of maintenance 

method, which involves analysis of data to get information on 

the impending failure of equipment before it takes place. 

Beyond the conventional maintenance strategies that are either 

reactive or preventive, predictive maintenance is based on 

condition-based monitoring methods and machine learning to 

determine equipment health [13]. Vibration analysis, thermal 

imaging, and sensor-based diagnostics are some of the common 

techniques employed to collect real-time data. Neural networks 

and decision trees are examples of artificial intelligence models 

that are used to extract patterns and predict possible failures. It 

is a powerful strategy that minimises the number of unplanned 

losses, minimises maintenance expenses and optimises the 

duration of the existence of equipment. The increased use of 

AI-based predictive maintenance attitude indicates its 

significance towards operational excellence attained at smart 

factories [14]. 

 

2.5 Integration Approaches 

Recently, some researchers investigated the merging of Lean 

manufacturing and digital technologies to develop hybrid 

systems that take the advantages of both methods. The 

integration frameworks of Lean-Digital are expected to focus 

on the synthesis of the waste reduction approaches with the 

capabilities of real-time data analysis and automation [15]. To 

illustrate, IoT-powered value stream mapping can be used to 

monitor the production flows continuously, whereas predictive 

maintenance can be used to guarantee the equipment reliability 

in the Lean systems. Even with these developments, the vast 

majority of currently available models are mostly biased 

towards partial integration relative to Lean and IoT or IoT and 

maintenance, but not all-inclusive models that entail the three 

areas. 

 

2.6 Research Gap 

Critical assessment of literature has shown that the unified 

analytical frameworks, which would merge the Lean principles, 

IoT analytics, and predictive maintenance into one optimisation 

model, are lacking. Also, little empirical validation has been 

found to exist with such integrated systems, especially in actual 

manufacturing setups. The available literature seems to be 

based on either theoretical models or judged by isolated cases; 

data has not yet been properly validated in an in-depth study. 

This gap has to be addressed in order to maximise the potential 

of smart manufacturing systems and be able to sustain 

significant increases in operational efficiency [16]. 

 

3. Theoretical Framework & Conceptual Model 

3.1 Conceptual Integration Model 

The conceptual model is based on the combination of the Lean 

principles of manufacturing, IoT analytics, and predictive 

maintenance to form the smart manufacturing ecosystem, which 

is synergistic. Lean is aimed at reducing wastes and enhancing 

flow in the process, whereas IoT can be used to gather real-time 

machine information and production line data. This data is used 

by predictive maintenance to forecast equipment malfunctions 

and plan maintenance. The combination of these three domains 

is a feedback-oriented system in which the operational data 

constantly benefits the changes and maintenance decisions in 

the process. Such synergy is efficient, has less variability and 

guarantees reliability of its systems in dynamic manufacturing 

settings [17]. 

 

3.2 Framework Components 

The framework has been designed into three main layers. The 

Data Acquisition Layer comprises IoT-enabled sensors and 

devices, which take real-time data like temperature, vibration, 

machine usage and rates of production. The layer will guarantee 

the monitoring and visibility throughout the manufacturing 

system. The Data Processing Layer entails hi-tech analytics 

engines that apply the tools of big data and machine learning 

algorithms to process and analyse the data obtained. This is the 

layer that will convert raw data into actionable insights with the 

help of pattern recognition, anomaly detection, and predictive 

modelling. The Decision Layer incorporates a lean optimisation 

system and a predictive maintenance strategy. It helps to make 

decisions by detecting the inefficiency of processes, advising 

how to improve them, and establishing the order of 

maintenance procedures to reduce interruptions and throughput 

to the maximum [18]. 

 

3.3 Hypothesis Development 

The three main hypotheses that the study can put forward are 

based on the integrated framework. H1: IoT analytics enhances 

the efficiency of Lean, because it allows in-time information 

about the process's performance, making it easier to detect 

waste and eliminate it. H2: Predictive maintenance decreases 

downtime as it predicts equipment failure and enables a timely 

response to system failures, hence increasing the system 

reliability. H3: Lean, IoT and predictive maintenance 

integration can prove to be very beneficial in the general 

operation of a company through its resource optimisation, 

lessened cost, and higher productivity. These are hypotheses on 

which empirical justification of the proposed framework and its 

applicability in a smart manufacturing environment will be built 

[19]. 

 

4. RESEARCH METHODOLOGY 

4.1 Research Design 

The research design presented in this study is the analytical and 

quantitative research design, with the assistance of the 

simulation method in assessing the efficacy of the suggested 

optimisation framework. The design is centred on studying the 

correlations between the Lean practices with the IoT analytics 

and predictive maintenance, and their joint effect on the 

operational efficiency. The structured modelling methodology 

is applied to model actual manufacturing situations and evaluate 

the performance results of the actual manufacturing conditions. 

 

4.2 Data Collection 

This research relies on the secondary data along with the 

industrial data and civilised data, where necessary. The main 

input of IoT sensors is data, such as parameters, including the 

temperature of the machine, the level of vibration, the number 

of turns, and the rate of equipment utilisation. These data sets 
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are designed in a way that they are representative of real-life 

manufacturing conditions and are being used to model 

analytical theories. 

 

4.3 Variables 

The independent variables are IoT analytics capability, Lean 

practices implementation, and predictive maintenance 

strategies. Dependent variables will refer to operational 

efficiency, cost reduction, and machine downtime. The 

measurements of these variables are quantitative to assess the 

performance of the systems and justify the suggested 

framework. 

 

4.4 Tools & Techniques 

Data processing and modelling using Python, MATLAB and R 

are used to conduct the analysis. The details of machine 

learning, such as the Random Forest, Long Short-Term 

Memory (LSTM), and regression models, are used in prediction 

and pattern recognition. Relationship and significance 

assessment is done using statistical methods of ANOVA, 

correlation and regression analysis. 

 

4.5 Framework Implementation 

Its application is in the form of stepwise implementation: 

gathering of data by the IoT, pre-processing to clean and 

normalise the data, the development of a model with the help of 

machine learning algorithms, and optimisation analysis to 

assess the final performance in the context of efficiency, 

reduced downtimes, and cost savings.  

 
Table 4.1: Machine Sensor Data (IoT-Based Monitoring Dataset) 

 

Machine 

ID 

Temperature 

(°C) 

Vibration 

(mm/s) 

Usage 

(hrs/day) 

Failure Event 

(0/1) 

M1 65 2.1 16 0 

M2 78 3.8 18 1 

M3 70 2.5 15 0 

M4 85 4.2 20 1 

M5 60 1.8 14 0 

M6 82 3.9 19 1 

M7 68 2.2 16 0 

 

Explanation 

This dataset represents IoT sensor readings collected from 

manufacturing machines. Temperature and vibration are 

critical.  

indicators of machine health. Machines with higher temperature 

(>80°C) and vibration (>3.5 mm/s) show a higher probability of  

failure, validating the importance of predictive maintenance 

models. 

 

 
 

Table 4.2: Lean Performance Metrics (Before Optimisation) 
 

Process 

Stage 

Cycle 

Time (min) 

Waiting 

Time (min) 

Defect 

Rate (%) 

Waste Level 

Cutting 12 8 4.5 High 

Assembly 20 10 5.2 High 

Finishing 15 7 3.8 Medium 

Inspection 10 6 2.5 Medium 

 

Explanation 

This table reflects inefficiencies in production before Lean 

implementation. High waiting times and defect rates indicate 

the presence of Muda (waste) and process imbalance. These 

inefficiencies contribute to increased production costs and 

reduced throughput. 

 

 
 
Table 4.3: Lean Performance Metrics (After Optimisation with IoT Integration) 

 

Process 

Stage 

Cycle 

Time (min) 

Waiting 

Time (min) 

Defect 

Rate (%) 

Waste Level 

Cutting 10 4 2.8 Low 

Assembly 16 5 3.1 Low 

Finishing 12 3 2.0 Low 

Inspection 8 2 1.5 Low 
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Explanation 

After integrating IoT analytics with Lean practices, significant 

improvements are observed. Real-time monitoring reduces  

 

 

waiting time and defect rates, demonstrating effective waste 

elimination and process optimisation. 

 

 
Table 4.4: Predictive Maintenance Output 

 

Machine ID Predicted Failure Probability (%) Maintenance Scheduled Actual Failure 

M1 15 No No 

M2 82 Yes Yes 

M3 20 No No 

M4 90 Yes Yes 

M5 10 No No 

M6 85 Yes Yes 

M7 18 No No 

 

Explanation 

This table shows predictive maintenance results based on 

machine learning models. Machines with high failure 

probability (>80%) are scheduled for maintenance. The 

alignment between predicted and actual failures indicates strong 

model accuracy and effectiveness. 
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Table 4.5: Operational Performance Comparison 
 

Parameter Traditional 

System 

Proposed 

Framework 

Improvement (%) 

Downtime 

(hrs/month) 

42 18 57% ↓ 

Production Output 1200 units 1550 units 29% ↑ 

Maintenance Cost ₹2,50,000 ₹1,60,000 36% ↓ 

Defect Rate (%) 4.5 2.1 53% ↓ 

 

Explanation 

The integrated framework demonstrates substantial 

performance improvements. Downtime reduction and cost 

savings are primarily driven by predictive maintenance, while 

Lean + IoT integration enhances production efficiency and 

quality. 

 

 
 

Table 4.6: Statistical Analysis Summary 
 

Test Type Variable 

Relationship 

Result Significance 

(p-value) 

Correlation IoT vs 

Efficiency 

0.82 <0.01 

Regression PdM vs 
Downtime 

Reduction 

-0.76 <0.05 

ANOVA Before vs After 

Optimisation 

Significant <0.05 

 

Explanation 

Statistical results confirm strong relationships between 

variables. IoT analytics shows a high positive correlation with 

efficiency, while predictive maintenance significantly reduces 

downtime. ANOVA results validate the effectiveness of the 

proposed framework. 

 

 

 

 

 

 

 
 

 

5. PROPOSED OPTIMIZATION FRAMEWORK (CORE 

SECTION) 

5.1 Architecture of Framework 

The given framework is created as a layered smart factory 

model that will combine Lean manufacturing, IoT analytics and 

predictive maintenance in one structure. The physical 

production environment is the lowest layer made up of 

machines, sensors, and operational resources. It is succeeded by 

the data acquisition layer, which will be IoT-enabled, where 

real-time data will be collected, like temperature, vibration, 

machine usage, etc. The second layer is the data processing and 

analytics layer, which uses machine learning and big data tools 

to process incoming data streams. On top of this, there is the 

optimisation layer, in which the principles of Lean are 

implemented to release the inefficiencies and remove wastes. 

The highest is a decision support system that will offer 

managers actionable insights and automated real-time control 

systems. This multi-layered design has guaranteed a smooth 

flow of data, real-time responsiveness, as well as ongoing 

enhancement in manufacturing activities [20]. 

 

5.2 Workflow 

The proposed framework has a systematic sequence of 

workflow. First, the data is obtained by machines and 

manufacturing lines in real time by the IoT devices. This 

information is fed into the analytics engine, and a pattern is 

identified and an anomaly is detected with the help of machine 

learning methods. This processed data then correlates to lean 

optimisation tools including value stream mapping, in order to 

determine the presence of bottlenecks and waste. According to 

predictive analytics, machines under the threat of failure are 

sent out maintenance triggers. Lastly, a decision support system 

incorporates all the knowledge and suggests the best course of 

action, including tweaking of processes, scheduling of 

maintenance, and assigning of resources. This process 

guarantees efficiency in decision-making, and eliminate 

inefficiencies, and improves system performance [21]. 
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5.3 Mathematical Model 

The optimisation problem is formulated as a multi-objective 

function aimed at improving operational efficiency: 

• Minimise Downtime (D)  

• Minimise Cost (C)  

• Maximise Throughput (T)  

The objective function can be expressed as: 

Optimize Z=w1(−D) +w2(−C)+w3(T)\text {Optimize} Z = w_1 

(-D) + w_2 (-C) + w_3 (T)Optimize Z=w1(−D)+w2(−C)+w3

(T)  

where w1, w2,w3w_1, w_2, w_3w1,w2,w3 represent weights 

assigned to each objective based on organisational priorities. 

Constraints include machine capacity, production demand, and 

maintenance schedules. This formulation allows flexible 

optimisation depending on industrial requirements. 

 

5.4 Algorithm / Model Flow (Pseudocode) 

Step 1: Initialise system parameters and dataset 

Step 2: Collect real-time IoT sensor data 

Step 3: Preprocess data (cleaning, normalisation) 

Step 4: Apply a machine learning model for prediction 

Step 5: Detect anomalies and predict failure probability 

Step 6: Map results to Lean metrics (waste, cycle time) 

Step 7: If failure probability > threshold: 

 

Trigger maintenance schedule 

Else: 

Continue operation 

Step 8: Optimise production flow using Lean principles 

Step 9: Evaluate performance (cost, downtime, throughput) 

Step 10: Update decision support system 

Step 11: Repeat the process continuously 

This algorithm ensures continuous monitoring, prediction, and 

optimisation, enabling a self-improving smart manufacturing 

system. 

 

6. DATA ANALYSIS & RESULTS 

6.1 Descriptive Analysis 

The data, which the present study utilises, will include IoT 

sensor measurements, Lean performance measures and 

maintenance reports that were taken into consideration in the 

simulated smart factory setting. The main variables are machine 

temperature, amount of vibration, time of operation, time of the 

cycle, time of waiting, and rate of defect. Descriptive statistics 

show that machines with higher values of the threshold of 

temperature and vibration have more chances of failure. Bar 

charts and line graphs depicting the visualisation show distinct 

trends, including the higher the machine stress is, the more the 

downtime. Besides, the comparative charts of the Lean 

measurements prior to and following the optimization indicate a 

steady decrease in the cycle time, waiting time and the 

frequency of defects which proves the efficiency of the data-

driven process modifications [22]. 

 

6.2 MODEL PERFORMANCE 

Standard performance measures such as accuracy, precision and 

recall were used to assess the predictive maintenance model. 

The accuracy, precision, and recall of random forest model 

were only 92, 89 and 91 respectively, meaning that random 

forest model is very reliable in detecting possible failure of 

machines. The LSTM model showed a little bit more recall and 

thus is useful in failure pattern detection in the context of time-

series. These findings confirm the strength of machine learning 

methods in predictive maintenance and its applicability in real 

time industry. 

 

6.3 COMPARATIVE ANALYSIS 

A comparative analysis of the old manufacturing system and 

the new integrated structure show serious reforms. The old 

system is based on reactive maintenance and manual 

application of Lean, which increases the downtime and causes 

inefficiencies. By contrast, the suggested framework takes 

advantage of real-time IoT analytics and predictive models used 

to facilitate proactive decisions. Quantitative analysis indicates 

decrease in the downtime that was 42 hours to 18 hours per 

month and higher production rate and lower level of defects. 

This comparison reveals the excellence of the combined 

approach as compared to the traditional approaches. 

 

6.4 KEY FINDINGS 

The outcomes depict that operational performance has been 

significantly enhanced. The down times were minimized by 

about 57 percent, whereas the productivity improved by almost 

29 percent. Maintenance expenses were reduced by 

approximately 36 percent, which is an indicator of efficiency of 

predictive maintenance approaches. Moreover, the combination 

of Lean concepts with IoT analytics helped reduce the number 

of defects and waste by half. On balance, the results indicate 

that the suggested framework can contribute greatly to 

efficiency, reliability, and cost-efficiency to smart 

manufacturing systems. 

 

7. DISCUSSION 

7.1 Interpretation of Results 

The results of the research prove that the combination of the 

Lean manufacturing principles with the IoT analytics and 

predictive maintenance contribute greatly to operational 

efficiency in smart manufacturing facilities. Noticeable 

decrease in cycle time, waiting time and defect rates is in line 

with the fundamental Lean goal, which is to do away with 

waste (Muda) and the variability in process (Mura). IoT 

analytics can be used to enable real-time oversight of 

production processes and allow organizations to see 

inefficiencies that would be difficult to detect in traditional 

systems. This feedback loop is real-time, enhancing the 

implementation of Lean since it is not a permanent, looking 

glass or window dressing mechanism, but a dynamic system 

that works with data. 

Moreover, predictive maintenance is also instrumental in 

enhancing equipment stability and minimizing the downtime. It 

was shown that the predictive models performed well in 

accuracy and recall that failure is predictable and thus 

maintenance may be planned in advance. This does not only 

reduce unexpected disturbances, but also maximizes the use of 

resources. The integration between Lean optimization and 

predictive maintenance in the system produces a robust 

manufacturing system which can have a continuous 

improvement and stability in operation. According to the 
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results, the IoT analytics is a facilitator, and it improves Lean 

efficiency and maintenance effectiveness, a fact that confirms 

the integrated framework [23]. 

 

7.2 THEORETICAL IMPLICATIONS 

The suggested work is a contribution to the increasing amount 

of knowledge concerning the field of smart manufacturing and 

Industry 4.0, as it presents a common framework by which 

Lean principles, IoT analytics, and predictive maintenance can 

be combined. The available literature tends to discussed these 

areas separately or discusses partial integration. The current 

study fills this gap by providing a detailed model illustrating 

how these elements can work together in one system. The work 

also expands the Lean theory using digital technologies and, 

therefore, reformulating the classical Lean behavior in the 

conditions of information-based production. Furthermore, it 

facilitates the development of cyber-physical systems theory 

with an accent on the importance of analytics-based decision-

making in streamlining production in the process. 

 

7.3 PRACTICAL IMPLICATIONS 

In practical terms, the presented framework would offer a clear 

route through which manufacturing organizations should move 

towards smart and efficient operations. The implementation can 

be phased to adopt the industry with the first stage being the 

introduction of the IoT sensor used to gather data, the 

integration of analytics platform and finally the implementation 

of the Lean optimisation and predictive maintenance model. 

The decision support system enables managers to track 

performance indicators and make decisions at the point of time. 

The implementation roadmap is scalable and can enable 

organizations to increase the system gradually depending on the 

requirement in operation and technological maturity. In general, 

the framework provides practical concepts on the way to 

enhance productivity, lower the cost, and elevate 

competitiveness within the present-day manufacturing setting. 

 

8. CONCLUSION 

The results of the research prove that the combination of the 

Lean manufacturing principles with the IoT analytics and 

predictive maintenance contribute greatly to operational 

efficiency in smart manufacturing facilities. Noticeable 

decrease in cycle time, waiting time and defect rates is in line 

with the fundamental Lean goal, which is to do away with 

waste (Muda) and the variability in process (Mura). IoT 

analytics can be used to enable real-time oversight of 

production processes and allow organizations to see 

inefficiencies that would be difficult to detect in traditional 

systems. This feedback loop is real-time, enhancing the 

implementation of Lean since it is not a permanent, looking 

glass or window dressing mechanism, but a dynamic system 

that works with data. 

Moreover, predictive maintenance is also instrumental in 

enhancing equipment stability and minimizing the downtime. It 

was shown that the predictive models performed well in 

accuracy and recall that failure is predictable and thus 

maintenance may be planned in advance. This does not only 

reduce unexpected disturbances, but also maximizes the use of 

resources. The integration between Lean optimization and 

predictive maintenance in the system produces a robust 

manufacturing system which can have a continuous 

improvement and stability in operation. According to the 

results, the IoT analytics is a facilitator, and it improves Lean 

efficiency and maintenance effectiveness, a fact that confirms 

the integrated framework [23]. 
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