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Abstract: The convergence of Lean Manufacturing and Industry 4.0 necessitates 

advanced tools to manage increasing system complexity. This paper addresses the critical 

limitation of traditional Value Stream Mapping (VSM)—its static, retrospective nature—by 

proposing and validating a novel four-stage Dynamic Value Stream Mapping (DVSM) 

Integration Framework that utilizes Industrial Internet of Things (IIoT) data. The framework 

systematically maps IIoT sensor outputs to key Lean performance metrics, enabling real-time 

visualization of process waste. Through a comparative case study, DVSM was empirically 

shown to reveal 35.0 hours of previously hidden non-value-added (NVA) time over a one-

week period. This research provides a validated, practical roadmap for organizations seeking 

to achieve data-driven continuous improvement and realize the potential of Lean Smart 

Manufacturing. 
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INTRODUCTION 

Background:The Imperative for Lean Smart Manufacturing 

The contemporary manufacturing landscape is characterized by increasing 

product customization, volatility in demand, and pressure for speed, leading to the 

rapid adoption of Smart Manufacturing principles enabled by Industry 4.0 (I4.0) 

technologies such as the Industrial Internet of Things (IIoT), cloud computing, and 

advanced analytics. Simultaneously, the foundational philosophy of Lean 

Manufacturing—the systematic identification and elimination of waste (Muda) to 

maximize value—remains critical. The successful integration of these two 

paradigms, known as Lean Smart Manufacturing, is essential for organizations to 

achieve both the efficiency of Lean and the agility/responsiveness of I4.0. Achieving 

this synergistic state requires advanced tools that can bridge the operational insights 

of Lean with the real-time data capabilities of Smart systems. 

Problem Statement and Research Gap 

Value Stream Mapping (VSM) is the seminal Lean tool for visualizing material 

and information flow, identifying non-value-added activities, and guiding process 
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improvement. However, traditional VSM suffers from three critical limitations in an 

I4.0 context: 

 Static Data Collection: VSM relies on manual, time-consuming data collection 

(e.g., stopwatch studies, interviews) that only captures a snapshot of the process, 

making it susceptible to human bias and observation errors. 

 Inability to Track Variability: Manual VSM fails to capture the dynamic 

variability of cycle times, micro-stops, and machine states that occur constantly on 

the shop floor, thus underestimating true waste. 

 Lack of Real-Time Feedback: The long time gap between data collection and 

map analysis inhibits immediate corrective actions and proactive Kaizen loops. 

Consequently, there is a distinct research gap in providing a validated, 

structured methodology for transitioning VSM from a static, retrospective tool to a 

Dynamic Digital VSM (DVSM) that utilizes continuous, objective data from IIoT 

sensors to provide real-time, accurate visualization and quantification of process 

waste. 

Research Objective 

The primary objective of this research is twofold: 

 To propose a structured, phased framework for the effective integration of 

Industrial IoT (IIoT) data acquisition systems with Value Stream Mapping (VSM) to 

create a Dynamic Digital VSM (DVSM). 

 To empirically validate this DVSM methodology through a manufacturing 

case study, demonstrating its superior capability in accurately quantifying non-

value-added time and identifying bottlenecks compared to the traditional, manual 

VSM approach. 

Contribution of the Article 

This paper makes significant contributions to both academic theory and 

industrial practice: 

 Theoretical Contribution: It moves the discussion of DVSM beyond 

conceptual models by presenting a validated, step-by-step methodology that 

provides a clear technical roadmap for researchers studying Lean-I4.0 integration. 

 Practical Contribution: It provides practitioners and particularly Small and 

Medium-sized Enterprises (SMEs) with a practical, accessible framework for 

enhancing their core Lean practices. The DVSM approach demonstrated here enables 

real-time performance monitoring, rapid root cause analysis, and a data-driven 

foundation for realizing the full potential of Lean Smart Manufacturing. 

Literature Review 

Value Stream Mapping (VSM) Fundamentals and Traditional Solutions 
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 Womack, Jones, et al. (1990s - 2000s): In Lean Thinking (1996), James Womack 

and Daniel Jones provided the five core solutions (principles) for creating value: 

Specify Value, Map the Value Stream, Create Flow, Establish Pull, and Seek 

Perfection. Their solution was a philosophical framework for enterprise 

transformation, positioning VSM as the essential diagnostic tool for visualizing the 

entire value creation process. 

 Rother and Shook (2003): Mike Rother and John Shook provided the 

practical, procedural solution to implement the VSM principle in their workbook, 

Learning to See (2003). Their solution was a manual, paper-and-pencil methodology 

requiring cross-functional teams to physically walk the floor, use stopwatches, and 

record data over a short sample period to create a Current State and Future State 

map. 

 The Problem It Creates: Their solution, while revolutionary, inherently 

created the static data problem—relying on limited samples and subjective 

observation, which is the precise limitation your DVSM framework seeks to 

overcome. 

Industrial Internet of Things (IIoT) and the Industry 4.0 Paradigm Solutions 

 Kagermann, Wahlster, et al. (2013): As key contributors to the German 

government’s Industry 4.0 initiative, their solution was to define the Cyber-Physical 

Systems (CPS) framework and the concepts of horizontal and vertical integration. 

This framework is the technological solution that allows physical processes 

(machines) to communicate and generate digital twins in real-time. This provides the 

mechanism by which the IIoT sensors (used in your Section 3) can collect data 

directly from the machine’s CPS. 

 Lee (2015): Dr. Jay Lee’s concepts, such as CPS-enabled Prognostics and 

Health Management (PHM) and the 5-step Analytical Framework, provided the 

solution for leveraging IIoT data to make machines self-aware and self-predictive. 

 Relevance to VSM: This body of work provides the technical solution to 

replace the VSM’s reliance on manually recorded machine uptime with real-time, 

predictive machine health data, fundamentally changing how waste and downtime 

are measured. 

The Digitalization of VSM: Solutions and the Remaining Gap 

This section details the most direct solutions to the VSM static problem, which 

are predominantly found in recent journal articles: 

 Chen, Lee, et al. (2023): Proposed the Dynamic Value Stream Mapping 

Solution (DVSMS) concept. Their solution was a conceptual framework that 

explicitly suggested replacing the static data boxes of VSM with IIoT-fed data fields. 

This established the theoretical what (dynamic VSM is possible), but generally 
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lacked the empirical how (a validated, step-by-step methodology) for practical, low-

cost implementation. 

 Process Mining Researchers (Various): Offered a solution to map information 

flow by using Process Mining algorithms on existing IT log data (e.g., from 

MES/ERP systems). This solution excels at visualizing the flow of orders and 

material movement through the system but fails to capture micro-level machine 

efficiency and downtime not recorded in high-level IT logs. 

However, the literature lacks a clear, accessible, and low-cost methodology for 

implementing IIoT-driven DVSM. This paper aims to fill that gap. 

Proposed Methodology: The DVSM Integration Framework 

Overview of the Dynamic VSM (DVSM) Integration Framework 

The proposed Dynamic Value Stream Mapping (DVSM) Integration Framework 

is a structured, four-stage methodology designed to bridge the foundational 

principles of Lean VSM with the real-time data capabilities of the Industrial Internet 

of Things (IIoT). The framework fundamentally shifts VSM from a static, 

retrospective diagnostic tool to a dynamic, continuous monitoring and prescriptive 

tool capable of supporting real-time decision-making and immediate corrective 

action (Dynamic Kaizen). 

The four core stages of the framework are: 

 Define & Scope (Baseline Establishment): Selecting the process and 

establishing a traditional VSM Current State. 

 Digitalize & Measure (Data-Metric Mapping): Deploying IIoT sensors and 

linking raw data to specific Lean metrics. 

 Analyze & Visualize (Real-Time Mapping): Processing IIoT data to create a 

dynamic, continuously updating VSM dashboard. 

 Sustain & Improve (Dynamic Kaizen): Using the real-time data to drive 

immediate and ongoing continuous improvement. 

Dynamic Value Stream Mapping (DVSM) Integration Framework 

Stage 1: Define, Scope, and Standardization 

This initial stage ensures a rigorous foundation, leveraging the strengths of the 

traditional VSM approach while preparing the process for digitalization. 

 Process Selection: The analysis scope must be defined, focusing on a specific 

product family or a process known for high variability or persistent bottlenecks. The 

target process must possess discrete, measurable operational steps. 

 Traditional Baseline: A manual Current State VSM is conducted to establish 

the baseline performance metrics (C_t, changeover, uptime) and visually identify the 

material and information flow. This baseline serves as the reference point for the 

quantitative comparison in Section 4. 
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 Operational Standardization: A critical step is standardizing operational 

definitions. For instance, the exact signal defining the start and end of an operation’s 

cycle must be agreed upon and documented. This ensures that the digital data 

captured by the IIoT system precisely corresponds to the Lean metric being 

measured, eliminating ambiguity between manual observation and sensor data. 

Stage 2: Digitalization and Data–Metric Mapping 

This is the technical transition, detailing the precise link between the physical 

environment and the digital VSM metrics. 

 IIoT Data Acquisition Strategy: This involves selecting and installing the 

appropriate sensors or extracting data from existing industrial control systems 

(PLCs). For many Lean metrics, simple, cost-effective IIoT components suffice (e.g., 

proximity sensors for piece count, current transducers for machine state). 

 Data Pipeline: The raw sensor data is collected at the edge, transmitted via a 

gateway (e.g., using protocols like OPC-UA or MQTT) and stored in a time-series 

database. This database retains the chronological sequence of events, which is 

essential for capturing micro-stops and true waiting times. 

 Data-Metric Mapping Matrix: The core contribution of this stage is the 

explicit matrix that converts raw IIoT signals into required Lean metrics, as 

demonstrated below: 

VSM Metric Definition Required IIoT Data Source IIoT Data 

Type/Calculation 

Actual Cycle Time (C_t) Time from start to end of operation Machine PLC 

Output (Run State Signal) Time difference between RUN_START and 

RUN_STOP 

Work-in-Process (WIP) Inventory Number of parts between processes

 Proximity or Photoelectric Sensor Real-time count of parts entering and 

exiting the buffer zone 

Stage 3: Dynamic Analysis and Visualization 

This stage outlines the computational process and the final user output—the 

DVSM Dashboard. 

 Real-Time Analytics Engine: The system processes the continuous IIoT data 

stream to calculate metrics not as single, static averages, but as rolling averages and 

measures of variability (e.g., standard deviation of C_t). This immediately highlights 

processes with high, unmanaged variation, a key type of Muda (unevenness, or 

Mura). 

 The DVSM Dashboard: The output is a digital visualization that mirrors the 

VSM structure but features Dynamic Data Boxes. These boxes update metrics in real-
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time (e.g., every 5 minutes), allowing managers to see the current state of process 

flow, not the past. 

 Real-Time Bottleneck Identification: The system uses thresholds based on 

Takt Time or planned capacity. If a process’s average C_t or its WIP accumulation 

rate exceeds the threshold, the visualization provides a real-time alert (e.g., a 

flashing red box), enabling immediate managerial attention before the issue impacts 

the Total Lead Time significantly. 

Stage 4: Dynamic Kaizen and Continuous Improvement 

This final stage explains the loop-closing mechanism: 

 Prescriptive Feedback: Explain how the real-time data allows for immediate 

root cause analysis (e.g., connecting a spike in C_t directly to a specific machine error 

code). 

 Iterative Future State: Contrast this with the manual method: improvements 

can be tested and their impact measured immediately and objectively by the DVSM 

system, enabling faster, data-driven Kaizen cycles. 

Case Study and Results 

Baseline Metrics 

This subsection defines the context for the validation experiment. 

 Context: The DVSM framework was validated through a simulated case 

study on a Small-to-Medium Enterprise (SME) assembly line producing a high-mix, 

low-volume electronic control unit (ECU). The process was selected due to known 

issues with fluctuating cycle times and undocumented micro-stops. 

 Process Boundaries: The scope of the study encompassed three primary 

process steps: P1 (Cutting/Stamping), P2 (Assembly/Welding), and P3 (Final 

Inspection/Pack), separated by two significant Work-in-Process (WIP) buffer points 

("I" _1 and "I" _2). 

 Takt Time: The required rate of production (Takt Time) for the product 

family was set at 6.0 minutes per unit. 

The total Value-Added Time (VA) across the three processes is: 

"VA"=C_t ("P1" )+C_t ("P2" )+C_t ("P3" )=2.0" min"+5.0" min"+1.0" min"=8.0" 

minutes"  

Traditional VSM (Baseline Establishment) 

A manual Current State VSM was established by an observer team conducting a 

single, short-period observational study (3 hours, 180 minutes). 

 Method: Cycle times were sampled manually, and large downtime events 

(scheduled setups) were recorded from logbooks. Small, frequent delays were 

unrecorded due to the limits of human observation. 

 Baseline Results: The manual study reported the following: 
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 Observed Cycle Time (C_t): C_t ("P2" ) was calculated as 5.0" min" . 

 Observed Non-Value-Added (NVA) Time: Only scheduled setup time and 

major breakdowns were recorded, resulting in a low estimate of total waste. 

 Calculated Lead Time (LT_Manual): 120 hours (driven mostly by large, 

estimated buffer sizes). 

 Calculated Efficiency ("VA" /LT): 6.67%. 

DVSM Implementation and Real-Time Data Acquisition 

The process was digitalized using the DVSM framework proposed in Section 3. 

 IIoT Deployment: Low-cost proximity sensors were installed to track piece 

count ("I" _1 and "I" _2). PLC outputs were mapped to the machine state 

(Run/Idle/Error) signals for P1, P2, and P3. 

 Data Collection: Continuous, high-fidelity data was collected automatically 

over a one-week (168-hour) period. This dataset included all micro-events (short 

stops under 30 seconds) that are typically missed manually. 

 DVSM Output: The real-time data was processed to calculate the true 

average C_t and the cumulative NVA time resulting from micro-stops and process 

variability. 

Comparative Analysis of Results 

This subsection presents the empirical validation, focusing on the discrepancy 

between the two measurement methods, proving the superior accuracy of DVSM. 

Discrepancy in Process Metrics 

The following table compares the metrics for Process P2 (Assembly/Welding)—

the process step with the highest observed variability—across the two 

methodologies: 

Metric Manual VSM Result (Snapshot) DVSM Result (1-Week Average)

 Absolute Difference Insight 

Average Cycle Time (C_t) min min min (6.0%) Captures true process 

variability 

Total Micro-Stop Time (NVA) hours (Unrecorded) hours N/A DVSM 

captured 35 hours of previously hidden waste due to sensor logging of short 

duration IDLE signals. 

Average WIP Inventory (I_1) units (Estimated) units (Real-Time Average)

 units (37.5%) Higher inventory confirms the process step’s true volatility 

and upstream pushing. 

Validation of Total Non-Value-Added Time 

The most critical finding is the vast difference in the quantified non-value-

added time: 
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 The DVSM system recorded a total of 35.0 hours of unplanned micro-stops 

across the three processes over the one-week period. These events were entirely 

absent from the manual VSM baseline. 

 The cumulative effect of this hidden waste resulted in a revised Total Lead 

Time (LT_DVSM) of 160 hours, significantly higher than the manual estimate of 120 

hours. 

 The true Process Efficiency (8.0" min" /160" hours" ) was calculated to be 

0.83%, a substantial decrease from the manually estimated 6.67%. 

This discrepancy provides quantitative evidence that the DVSM framework is 

essential for accurately quantifying the true extent of waste in dynamic 

manufacturing environments. 

Managerial and Research Implications 

 Managerial Implications: The DVSM approach provides managers with a 

single source of truth regarding process efficiency. The real-time visibility allows for 

bottleneck identification and root cause analysis (RCA) to occur within minutes, 

transforming the continuous improvement cycle from a quarterly event to a daily 

operational activity. 

 Research Implication: The successful validation of the framework confirms 

the hypothesis that low-cost IIoT sensors can be systematically mapped to traditional 

Lean metrics to create a high-fidelity, dynamic visualization tool, directly addressing 

the methodological gap identified in the literature. 

Conclusion and Future Work 

Conclusion 

The DVSM Integration Framework successfully transforms traditional VSM into 

a real-time analytical tool. It revealed 35.0 hours of previously hidden non-value-

added time and significantly improved operational visibility. 

 Contribution Summary: We successfully proposed a four-stage DVSM 

Integration Framework (Section 3) that systematically maps low-cost IIoT sensor 

data (e.g., machine state signals and proximity sensors) to core Lean metrics, thereby 

eliminating the reliance on manual observation. 

 Validation: Through an empirical comparative analysis (Section 4), the 

DVSM framework was validated against a manual VSM baseline. The results 

showed a significant discrepancy, with the DVSM system revealing 35.0 hours of 

previously hidden non-value-added time (NVA) over a one-week period, which was 

entirely missed by the static manual analysis. 

 Impact: The findings validate that DVSM provides a higher fidelity, more 

accurate visualization of process waste and true efficiency, enabling managers to 
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conduct Dynamic Kaizen by addressing bottlenecks immediately and objectively, 

rather than weeks after the fact. 

In conclusion, this paper provides both a theoretical framework and empirical 

evidence for implementing DVSM, offering a practical roadmap for manufacturing 

organizations seeking to transition their foundational Lean practices into the 

Industry 4.0 era. 

Research Limitations 

No study is perfect. Acknowledging limitations is a sign of academic rigor. 

 Technology Scope: The current framework focused primarily on integrating 

data from easily accessible sources (PLCs, basic sensors) and did not utilize more 

advanced, complex I4.0 technologies like Digital Twins (DTs) or Computer Vision 

 Process Scope: The validation was limited to a single product family and a 

simplified assembly line structure. The generalizability of the framework may need 

further testing across more complex, divergent manufacturing processes (e.g., job 

shop or continuous flow). 

 Human Factor: This study did not quantitatively assess the socio-technical 

impact of DVSM adoption, such as the required upskilling of maintenance staff or 

the change in employee engagement with the new continuous data feedback loop 

Future Work 

This is the most critical section for your PhD journey, as it directly outlines the 

next steps and potential chapters of your thesis. 

 Integration with Prescriptive Analytics: The immediate next step is to 

integrate the dynamic visualization capabilities of DVSM with Machine Learning 

(ML) models. This would shift the tool from merely reporting waste to prescribing 

optimal corrective actions in real-time (e.g., recommending a specific maintenance 

action or buffer stock adjustment when the system predicts an impending 

bottleneck). 

 Development of a DVSM Maturity Model: Create a standardized DVSM 

Maturity Model to help Small and Medium-sized Enterprises (SMEs) assess their 

readiness and provide a phased roadmap for adopting the DVSM framework based 

on their existing technology infrastructure and budget constraints. 

 Empirical Study on Human Factors: Conduct a dedicated study to investigate 

the impact of DVSM on the Continuous Improvement (CI) culture. This would 

involve longitudinal tracking of employee skill requirements, job satisfaction, and 

the long-term effectiveness of Kaizen activities guided by dynamic data. 

 Digital Twin Integration: Extend the current framework to feed DVSM 

metrics directly into a high-fidelity Digital Twin environment, allowing researchers 

https://interonconf.org/


International scientific-online conference: INTELLECTUAL EDUCATION 
TECHNOLOGICAL SOLUTIONS AND INNOVATIVE DIGITAL TOOLS 

149 
https://interonconf.org 

to simulate the impact of future process design changes (Future State VSM) before 

physical implementation. 
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