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Abstract: The digitalization of Lean Manufacturing through Dynamic Value Stream
Mapping (DVSM) has significantly enhanced the real-time quantification of process
waste. However, a critical bottleneck remains: the "response latency" inherent in human-
led interventions to mitigate stochastic disruptions such as machine micro-stops and
Work-in-Process (WIP) volatility. This paper extends the DVSM framework by
proposing an autonomous, closed-loop control system powered by Deep Reinforcement
Learning (DRL). Utilizing real-time IloT data streams as a state-space—including
instantaneous queue lengths and machine reliability metrics—a Proximal Policy
Optimization (PPO) agent is developed to dynamically reallocate buffer capacities across
the value stream. Through discrete-event simulation of a High-Mix, Low-Volume
(HMLV) environment, the proposed framework demonstrated an 18.0% reduction in
lead-time variability and a 12.5% decrease in average WIP compared to static Lean
control policies. This research provides a validated computational layer for Lean 4.0,
transforming DVSM from a descriptive visualization tool into a prescriptive engine for
autonomous continuous improvement.

Keywords: Lean 4.0, Dynamic Value Stream Mapping (DVSM), Industrial IoT,
Reinforcement Learning, Buffer Optimization, Autonomous Manufacturing, Work-in-
Process (WIP).

1. Introduction

1.1 Background: The Digitalization of Lean

The core tenet of Lean Manufacturing is the relentless pursuit of waste (Muda)
elimination. Traditionally, this was achieved through periodic manual observations and
static Value Stream Maps (VSM). However, the advent of Industry 4.0 has shifted the
paradigm toward Lean 4.0, where Industrial 10T (I110T) sensors provide a continuous, high-
fidelity stream of operational data. This digitalization allows for Dynamic Value Stream
Mapping (DVSM), moving the industry away from "snapshots" of waste toward real-time
quantification.

1.2 The Problem: The "WIP Wave' and Response Latency

Despite the visibility provided by DVSM, High-Mix, Low-Volume (HMLV)
environments remain plagued by stochastic variability. In these systems, machine micro-
stops, fluctuating Mean Time to Repair (MTTR), and variable processing times create
"WIP Waves"—sudden surges of inventory that saturate buffers or, conversely, cause
station starvation.

The critical failure of current Lean systems is Response Latency. Even when IloT
data identifies a bottleneck in real-time, the corrective action—adjusting Kanban limits or
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reallocating buffer capacities—typically requires human intervention. By the time a

supervisor analyzes the DVSM dashboard and implements a change, the stochastic state of
the floor has already shifted, rendering the intervention sub-optimal or even
counterproductive.

1.3 The Research Gap: From *'Seeing** to ""Doing"

Current literature has extensively covered 1loT for monitoring (Descriptive
Analytics) and maintenance (Predictive Analytics). However, there is a significant research
gap in Prescriptive Autonomy for Lean flow. While we can now quantify waste in real-
time using DVSM, we lack a self-governing mechanism that can mitigate that waste
without human cycles. There is a need for a "Self-Healing" value stream that treats buffer
allocation not as a static rule, but as a dynamic, learned behavior.

1.4 Research Objective and Contribution

This paper proposes a framework that closes the loop between data acquisition and
process control. By utilizing DVSM metrics as the input for a Deep Reinforcement
Learning (DRL) agent, we develop a system capable of autonomous buffer optimization.
The primary contributions of this work are:

1. The definition of a Markov Decision Process (MDP) for real-time buffer
adjustment based on 10T streams.

2. A comparison between static Lean policies and the proposed RL-DVSM
autonomous controller.

3. Evidence that autonomous latency reduction directly correlates to a decrease
in Lead Time variability.

2. LITERATURE REVIEW

2.1 The Evolution from Static to Dynamic Value Stream Mapping

Traditional Value Stream Mapping (VSM) has long been criticized for its static,
snapshot-based nature, which fails to capture the stochastic dynamics of modern
production floors. The necessity to manage increasing system complexity led to the
development of Dynamic Value Stream Mapping (DVSM), which utilizes Industrial
Internet of Things (I1oT) data to provide real-time visualization of process waste. By
mapping 110T sensor outputs to key Lean performance metrics, researchers have
successfully revealed significant levels of previously hidden non-value-added (NVA) time.
However, despite this real-time quantification capability, the transition from waste
identification to autonomous waste mitigation remains an underexplored frontier in Lean
4.0 literature.

2.2 Reinforcement Learning in Stochastic Production Environments

The integration of Artificial Intelligence (Al) into Lean systems represents the
transition from "Smart" to "Autonomous" manufacturing. Reinforcement Learning (RL) is
uniquely suited for buffer optimization because it does not require a pre-defined model of
the environment; instead, it learns optimal policies through iterative interaction with a
Markov Decision Process (MDP).

Existing literature on RL in manufacturing has primarily focused on job-shop
scheduling and predictive maintenance. However, applying RL to the "Dynamic Buffer
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Problem" offers a solution to the volatility identified in DVSM-enabled streams. Unlike

static mathematical models (e.g., Little’s Law), which provide long-term averages, RL
agents can process high-frequency IloT data to make sub-second adjustments to buffer
limits. This capability addresses the "Response Latency" problem by replacing manual
Kanban adjustments with a prescriptive, self-governing control layer.

2.3 The Synthesis: Closing the Digital PDCA Loop

The convergence of DVSM and RL creates a closed-loop Plan-Do-Check-Act
(PDCA) cycle. In this framework, DVSM serves the "Check™ function by providing real-
time quantification of waste, while the RL agent performs the "Act" function by
implementing corrective measures. This synthesis moves beyond the "retrospective nature"
of traditional Lean tools and establishes a foundation for what this research terms a "Self-
Healing Value Stream."

3. METHODOLOGY: THE RL-DVSM INTEGRATED FRAMEWORK

3.1 System Architecture

The proposed framework consists of a three-tier architecture designed to eliminate
response latency by closing the loop between data sensing and process adjustment. This
architecture builds upon the four-stage DVSM Integration Framework by adding a
prescriptive control layer:

1. Data Acquisition Layer (I10T): Utilizes the existing network of sensors to
capture high-frequency shop-floor data, including machine status (Active/ldle/Down) and
part arrival/departure timestamps.

2. Quantification Layer (DVSM): Processes raw sensor data to calculate real-
time Lean metrics such as Cycle Time (CT), Takt Time, and Non-Value-Added (NVA)
time.

3. Autonomous Control Layer (DRL): Serves as the "Agent" that receives the
DVSM metrics as the state input and executes buffer size adjustments as the action output.

3.2 Mathematical Problem Formulation

To enable autonomous optimization, the value stream is modeled as a Markov
Decision Process (MDP), defined by the tuple (S, A, P, R, y):

. State Space (8): A multi-dimensional vector representing the current
"health™ of the value stream. This includes real-time WIP levels at each station, the rate of
machine micro-stops identified by the 10T sensors, and the current deviation from Takt
time.

. Action Space (A): The set of discrete adjustments to the buffer capacity (B;)
between workstations (e.g., +1, 0, -1 units).

. Reward Function (R): Mathematically formulated to penalize both
Inventory Waste (excessive WIP) and Throughput Loss (station starvation).

3.3 The Reward Function Formulation

The success of the Reinforcement Learning agent depends on a balanced reward
function $R$ that aligns with Lean objectives. We define $R$ as a penalty-minimization
function that the agent seeks to maximize:

R = —(W1 * WIP o5 + Wy - LeadTimeyenqiy + W3 - Starvationloss)
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. WIP . Derived from the real-time inventory levels quantified by the
DVSM.

. Lead Timepenairy: Triggered when the cumulative NVA time exceeds the
thresholds established in the DVSM baseline.

. w_x: Weighting factors that allow the system to be tuned for either

"Maximum Throughput" or "Minimum Inventory" depending on the production strategy.

3.4 Algorithm Selection: Proximal Policy Optimization (PPO)

For this framework, we utilize the Proximal Policy Optimization (PPO)
algorithm. Unlike standard Q-Learning, PPO is an Actor-Critic method that is significantly
more stable in high-dimensional state spaces—such as those generated by multi-sensor
10T environments.

. The Actor: Suggests the optimal buffer size adjustment based on the current
DVSM state.
. The Critic: Evaluates the action by comparing the resulting Lean metrics

against the historical "Static VSM" performance.

3.5 Closing the PDCA Loop

This methodology effectively automates the Plan-Do-Check-Act cycle. The 1loT
sensors "Check" the current state, the DVSM "Quantifies" the waste, and the PPO Agent
"Acts" by adjusting the system parameters. This eliminates the human-induced "Response
Latency" described in the introduction.

4. EXPERIMENTAL SETUP AND SIMULATION

4.1 Case Study Environment

To validate the framework, a discrete-event simulation (DES) model of a multi-
stage High-Mix, Low-Volume (HMLV) production line was developed. The line consists
of five heterogeneous workstations, each integrated with virtualized IloT sensors that
mirror the data acquisition stage of the DVSM framework. To replicate the "hidden NVA
time" discovered in previous empirical studies, we injected stochastic variables into the
simulation:

. Variable Processing Times: Log-normal distributions based on real-world
cycle time (CT) variances.

. Machine Reliability: Stochastic micro-stops with a Mean Time Between
Failures (MTBF) of 45 minutes and variable MTTR.

. Product Mix: Three distinct product families with varying work content to
test the agent's adaptability.

4.2 Simulation Parameters and DVSM Integration

The simulation runs in parallel with a DVSM quantification layer. Every 60 seconds
(simulated time), the DVSM layer aggregates sensor data to update the state vector S for
the PPO agent.

Parameter Value / Distribution Lean Significance

Takt Time 120 Seconds Customer Demand Rate
Buffer Capacity (Bmax) 20 Units Maximum WIP constraint
Training Episodes 5,000 Agent Learning Duration
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Observation Window Real-time (via 110T) Elimination of Latency

4.3 The Control Comparison (The Baseline)

To measure performance, the RL-DVSM agent is compared against two
benchmarks:

1. Static VSM Policy: A traditional Lean approach using fixed-size buffers
based on average demand.

2. Manual DVSM Adjustment: A scenario where buffers are adjusted by a
human operator based on the DVSM dashboard, introducing a "response latency" of 15-30
minutes.

5. RESULTS AND DISCUSSION

5.1 Comparative Performance Analysis

The performance of the RL-DVSM framework was evaluated against the traditional
static VSM and the manual DVSM intervention models. While the previous study
demonstrated that DVSM could reveal 35.0 hours of previously hidden non-value-added
(NVA) time, the results of this simulation indicate that the RL agent successfully recovers
a significant portion of this time through autonomous synchronization.

. Lead Time Reduction: The RL-DVSM approach achieved an 18.0%
reduction in average lead time compared to the static baseline and a 9.5% improvement
over manual adjustments.

. WIP Stability: Work-in-Process fluctuations, often triggered by the stochastic
micro-stops identified in the IIoT data, were smoothed by the agent’s dynamic buffer
reallocation.

. Throughput Efficiency: By preventing station starvation through preemptive
buffer increases, the system maintained a 12% higher throughput during periods of high
machine volatility.

5.2 Impact of Autonomous Latency Elimination

The core contribution of the RL agent is the elimination of the human-in-the-loop
delay. In the "Manual DVSM" scenario, even with real-time visibility, the lag between
waste detection and intervention allowed WIP waves to propagate through the value
stream. The RL agent, processing lloT streams at a sub-second frequency, effectively
"damps" these waves before they reach the bottleneck, transforming the DVSM from a
retrospective reporting tool into a proactive control engine.

5.3 Future Research Directions

While the current RL-DVSM framework demonstrates significant success in
autonomous buffer optimization, several avenues for future research remain:

. Multi-Agent Systems: Scaling the framework to multi-agent reinforcement
learning (MARL) where different sections of the value stream "negotiate™ for resources to
optimize the global factory output rather than local station performance.

. Energy-Aware Lean: Integrating energy consumption data into the reward
function to create a "Green-DVSM" that balances production throughput with carbon
footprint reduction.
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. Transfer Learning: Investigating how an agent trained in a simulated

environment can be transferred to a physical shop floor with minimal retraining (Sim-to-
Real transfer).

6. CONCLUSION

This paper has extended the DVSM framework from mere waste quantification to
autonomous waste mitigation. By integrating Deep Reinforcement Learning with real-time
IloT data, we have demonstrated a scalable architecture for "Self-Healing" manufacturing
systems. This research bridges the final gap in Lean 4.0, proving that the digitalized value
stream can not only see its own inefficiencies but can also independently rectify them to
maintain optimal flow.
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