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Abstract

This study proposes a two-stage hybrid methodology that integrates neural networks (NN)
for demand forecasting with genetic algorithms (GA) for buffers-related cost optimization in
demand-driven material requirements planning (DDMRP) systems. The approach addresses
a key gap in production planning research by systematically combining data-driven demand
prediction with combinatorial optimization to reduce production costs using decoupled lead
time (DLT), a core DDMRP metric. Forecast-derived demand intensities are incorporated
into DLT weighting, enabling prioritized buffer placement at high-demand, long-lead-time
workstations. Applied to an automotive sun-visor production line with eight sequential
workstations, the method yielded an optimal buffer configuration that demonstrates the
effectiveness of coupling NN pattern-recognition capabilities with GA optimization performance.
The resulting framework provides production managers with a flexible and quantifiable decision-
support tool for buffer positioning in dynamic manufacturing environments. Future research
should extend the method to multi-product systems, explore advanced long short-term memory
(LSTM) architectures to enhance forecasting accuracy, and conduct cross-industry evaluations
to assess generalizability.
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Introduction In recent years, advanced optimization techniques
such as GA and predictive models like NN have gained
considerable attention for improving production plan-
ning and inventory management. NN offers the capa-
bility to accurately forecast future demand and supply
requirements by learning complex patterns from his-
torical data, providing precise inputs for downstream
decision-making processes. GA, inspired by natural
selection principles, are particularly well-suited for op-
timizing inventory levels, costs, and lead times through
their ability to explore vast solution spaces efficiently.
When combined with metrics such as the DLT from
DDMRP, these techniques can form powerful optimiza-
tion frameworks.

Background and Motivation

Production planning is a critical process in manufac-
turing operations, encompassing the organization and
coordination of activities to determine what products
to produce, in what quantities, and at what times.
The primary objectives of production planning include
meeting market demand, optimizing resource utiliza-
tion, balancing supply and demand, minimizing oper-
ational costs, controlling lead times, and preventing
both stockouts and overproduction. However, achiev-
ing these objectives presents significant challenges due
to inherent uncertainties in demand patterns, variabil-
ity in supply lead times, large volumes of operational

Demand-Driven Material Requirements Planning
has emerged as an innovative approach to materials

data, and constrained resources.
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management that strategically positions inventory
buffers at critical points in production networks, with
replenishment driven by actual demand consumption
rather than forecasts alone. Unlike traditional
materials requirements planning (MRP) systems that
rely heavily on forecasting and push-based scheduling,
DDMRP introduces a demand-pull mechanism that


mailto:ismail.elmouayni@gmail.com
http://creativecommons.org/licenses/by/4.0/

S. Habbadi, I. El Mouyani, B. Herrou: Optimizing Production Planning with Neural Networks and Genetic. ..

enhances responsiveness to market variations while
reducing the bullwhip effect in supply chains. The
DLT metric quantifies the cumulative production
time from the last strategic buffer position to the end
of the production line, serving as a key indicator for
buffer positioning decisions.

Research Gap

Despite growing interest in both machine learning
applications and metaheuristic optimization for pro-
duction planning, existing literature exhibits signifi-
cant fragmentation in addressing integrated solutions.
Recent studies combining machine learning and opti-
mization techniques show promising but incomplete
results across several dimensions.

Gap 1: Limited Integration of Forecasting and
Optimization

Studies applying neural networks to demand fore-
casting generally improve short-term prediction accu-
racy (Golabek et al., 2020; Zonta et al., 2022), yet
they rarely integrate these forecasts as dynamic inputs
into downstream optimization models. Conversely, GA-
based research in production planning often focuses on
isolated components such as scheduling (Yu & Liang,
2001), buffer positioning (Damand et al., 2023), or
inventory minimization (Younespour et al., 2024), but
without incorporating data-driven forecasting as a vari-
able influencing the optimization process. This discon-
nect creates a missed opportunity for leveraging pre-
dictive insights to inform buffer placement decisions.

Gap 2: Absence of Demand-Responsive DLT
Formulations

While the DDMRP literature emphasizes the im-
portance of strategic buffer positioning (Azzamouri
et al., 2021; Math et al., 2024), current approaches
typically treat DLT as a static metric based solely
on lead times, without incorporating demand inten-
sity or variability. Existing optimization models for
DDMRP (Damand et al., 2023; Haji Mohammad et
al., 2022) focus on minimizing costs and lead times
but do not systematically weight these factors by fore-
casted demand patterns. This limitation reduces the
adaptability of buffer positioning strategies to dynamic
demand environments.

Gap 3: Lack of End-to-End Hybrid
Frameworks

Existing hybrid approaches typically address spe-
cific case studies without providing a generalized,

end-to-end methodology for production planning that
jointly optimizes forecasting accuracy, inventory levels,
and lead-time management (Paraschos & Koulouriotis,
2024). Literature lacks a systematic framework that ex-
plicitly connects demand forecasting outputs to buffer
optimization inputs through a formal integration mech-
anism. Moreover, recent advances in reinforcement
learning for DDMRP parameter optimization (Duhem
et al., 2023) present alternative approaches, yet com-
parative analyses between two-stage (forecast — op-
timize) and end-to-end learning paradigms remain
unexplored.

Gap 4: Limited Methodological Specificity for
Binary Placement Problems

Many GA applications in manufacturing employ
crossover and mutation operators designed for permu-
tation or continuous optimization problems (Davis,
1985), without adequately addressing the specific re-
quirements of binary decision problems such as buffer
placement. The selection of appropriate genetic oper-
ators for binary-encoded chromosomes represents an
underemphasized methodological consideration that
can significantly impact optimization performance.

These gaps collectively highlight the need for an
integrated methodology that systematically combines
NN forecasting with GA optimization, incorporates
demand-responsive metrics into buffer positioning de-
cisions, and provides a reproducible framework appli-
cable to DDMRP-based production systems.

Research Objective

In response to the identified research gaps, this study
has the following objective:

Primary Objective

To develop and validate a two-stage hybrid method-
ology that integrates NN for demand forecasting with
GA for buffer positioning optimization in DDMRP-
based production systems, demonstrated and evalu-
ated through an automotive manufacturing case study.

Specific Sub-Objectives

Formulate a GA optimization model for buffer place-
ment that incorporates a novel demand-weighted DLT
metric.

Develop an integration mechanism that systemati-
cally connects demand forecasts to buffer optimization
through weighted DLT calculations.
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Provide practical implementation guidance for pro-
duction managers seeking to adopt data-driven buffer
positioning strategies.

Contributions of This Study

This research makes three primary contributions to
production planning and DDMRP literature:

Methodological Contribution

This study presents the first systematic integration
of machine learning forecasting with metaheuristic
optimization specifically designed for DDMRP buffer
positioning. While prior work has applied GAs to
DDMRP parameter optimization (Damand et al., 2023;
Younespour et al., 2024) and NNs to demand fore-
casting separately, this research develops an explicit
integration framework through demand-weighted DLT
formulation. The methodology addresses the binary na-
ture of buffer placement decisions by employing appro-
priate genetic operators (uniform crossover), correcting
common methodological oversights in GA applications.

Theoretical Contribution

The proposed demand-weighted DLT metric extends
traditional DLT concepts by incorporating forecasted
demand intensity, enabling dynamic buffer prioritiza-
tion based on both lead time and demand patterns.
This formulation addresses a gap identified in the
DDMRP systematic review by (Azzamouri et al., 2021)
regarding the need for more adaptive buffer manage-
ment strategies. The approach demonstrates that two-
stage ML-Metaheuristic frameworks can effectively
balance the strengths of NN (complex pattern recog-
nition) and GA (combinatorial optimization) without
requiring the extensive training data typical of end-to-
end reinforcement learning approaches.

Practical Contribution

The study provides production managers with a re-
producible, data-driven methodology for buffer posi-
tioning decisions, supported by clear implementation
guidance including data requirements, computational
specifications, and cost-benefit analysis frameworks.
The automotive case study demonstrates the practical
applicability of the approach, achieving quantifiable
improvements in lead time reduction and stockout pre-
vention while maintaining computational feasibility
for industrial implementation.
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Literature review

Demand-Driven MRP and Buffer
Optimization

DDMRP represents a significant evolution in mate-
rials management methodologies, addressing the lim-
itations of traditional MRP systems in coping with
demand variability and supply chain complexity. Az-
zamouri et al. (2021) conducted a comprehensive sys-
tematic review of DDMRP approaches, classifying
methodologies and identifying key components includ-
ing demand-driven inventory management, strategic
buffer positioning, and dynamic adaptation to produc-
tion changes. The review emphasizes that DDMRP
combines advantages of traditional MRP systems with
demand-pull principles to better manage fluctuations
and uncertainties.

Buffer Positioning and Sizing

The strategic positioning of inventory buffers at
critical network nodes constitutes a fundamental
aspect of DDMRP implementation. Haji Moham-
mad et al. (2022) proposed an optimization model
for demand-driven distribution resource planning
(DDDRP), extending DDMRP concepts to distribu-
tion networks. Their nonlinear mixed mathematical
formulation optimizes buffer placement to minimize
storage costs, demonstrating through a case study
that DDDRP-optimized networks can reduce storage
costs by 75% and inventory quantities by 67%
compared to traditional distribution resource planning
(DRP) approaches. However, the model relies on
specific assumptions that limit generalizability, and
the authors emphasize the need for validation across
diverse industrial contexts.

Math et al. (2024) explored DDMRP application for
inventory optimization in supply chains, presenting a
framework based on product segmentation, prioritiza-
tion of critical flows, and dynamic buffer adjustment
according to actual demand variations. Their results
highlighted significant reductions in storage costs and
improved responsiveness to market variations. The
study underscores that successful DDMRP implemen-
tation requires advanced technological integration, or-
ganizational adjustment, and stakeholder training.

Genetic Algorithms for Production Planning

Genetic algorithms, introduced by Holland (1992),
have become widely adopted for production planning
optimization due to their ability to efficiently explore
large solution spaces and avoid premature convergence



S. Habbadi, I. El Mouyani, B. Herrou: Optimizing Production Planning with Neural Networks and Genetic. ..

to local optima. The fundamental mechanisms of se-
lection, crossover, and mutation enable GAs to pro-
gressively evolve populations of candidate solutions
toward optimal or near-optimal configurations.

GA for DDMRP Optimization

Younespour et al. (2024) explored optimization of
strategic and operational levels of DDMRP using a hy-
brid algorithm combining GA with particle swarm
optimization (PSO). The hybrid GA-PSO approach
optimizes buffer positioning and sizing by balancing
inventory costs against product availability, combin-
ing the global exploration capabilities of GAs with
the rapid convergence characteristics of PSO. Results
demonstrated significant performance improvements,
reducing costs and increasing supply chain efficiency.
This work illustrates the potential of evolutionary algo-
rithms for DDMRP but does not incorporate demand
forecasting as a dynamic input.

Damand et al. (2023) proposed an innovative ap-
proach using a multi-objective genetic algorithm
(MOGA) to optimize DDMRP parameters, focusing
on buffer levels, replenishment points, and variability
thresholds. The methodology simultaneously addresses
multiple objectives: minimizing inventory costs, maxi-
mizing customer service levels, and improving supply
chain resilience. The MOGA explores solution spaces
to balance often-conflicting objectives, incorporating
real demand fluctuation scenarios and logistical con-
straints. Results showed that genetic approaches can
identify optimal configurations outperforming tradi-
tional methods, though the authors note the need for
further research integrating additional dimensions such
as environmental impacts.

In Habbadi et al. (2025), a hybrid method DDMRP
with a GA is proposed to enhance buffer positioning
and production-control decisions. The approach relies
on a mixed-integer programming model (MIP) that
encodes key DDMRP principles—including decoupling-
point placement, dynamic buffer sizing, and demand-
driven replenishment—to capture the fundamental
trade-off between inventory minimization and demand-
satisfaction maximization. This MIP formulation pro-
vides a cost-oriented evaluation framework, while
the GA efficiently explores alternative buffer con-
figurations and replenishment strategies within this
DDMRP-constrained search space.

GA Operator Selection for Binary Problems

The selection of appropriate genetic operators is
critical for optimization performance, particularly for
binary-encoded problems. Goldberg (1989) established

foundational principles for GA design, emphasizing
that uniform crossover or two-point crossover is more
appropriate than order-based crossover for binary chro-
mosomes representing independent decision variables.
Order crossover (OX), originally developed by Davis
(1985), is specifically designed for permutation prob-
lems such as traveling salesman or job sequencing tasks
where relative order of genes matters. For binary buffer
placement problems where each position is an inde-
pendent yes/no decision, uniform crossover treats each
gene position independently, providing more effective
exploration of the solution space.

Neural Networks for Demand Forecasting

Neural networks have demonstrated substantial ca-
pabilities for demand forecasting in manufacturing
contexts, learning complex nonlinear patterns from
historical data to generate accurate predictions for
future periods.

Traditional NN Architectures

Yu & Liang (2001) proposed a hybrid method com-
bining artificial NN with GA for dynamic production
scheduling. Their approach optimizes operation se-
quences and starting times, reducing costs and im-
proving system flexibility. The study represents an
early demonstration of NN—GA integration, though
the forecasting and optimization components operate
relatively independently without systematic integra-
tion mechanisms.

Zonta et al. (2022) integrated predictive mainte-
nance with production scheduling using deep neural
networks (DNN) and recurrent neural networks (RNN),
achieving significant improvements in equipment man-
agement and resource allocation. The study demon-
strates that deep architecture can capture temporal
dependencies in production data, leading to more ac-
curate predictions that enable proactive scheduling
decisions.

Graph-Based and Advanced Architectures

Recent advances have explored graph neural net-
works (GNN) for production planning applications.
Hameed & Schwung (2023) introduced an innovative
approach leveraging GNNs and reinforcement learning
for production planning optimization. By represent-
ing interdependencies between tasks, machines, and
resources as graph structures, the method achieved su-
perior performance compared to traditional approaches
in terms of accuracy and adaptability.
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Lai et al. (2023) proposed a GNN-based method-
ology to predict future bottlenecks in production sys-
tems. By modeling production elements and interac-
tions as graphs, this approach enables identification of
potential congestion areas, improving decision-making
and operational continuity. Results indicated that the
method outperforms conventional techniques in dy-
namic production environments.

Smit et al. (2025) conducted a comprehensive sur-
vey of graph NN for job shop scheduling problems,
exploring the potential of GNNs to model complex
dependencies in scheduling tasks. While these methods
offer significant advantages in flexibility and accuracy,
challenges related to data management and model
generalization remain important research directions.

State-of-the-Art regarding forecasting

Paraschos & Koulouriotis (2024) presented a com-
prehensive literature review on learning-based produc-
tion, maintenance and quality optimization in smart
manufacturing systems. The review identifies key ar-
eas including predictive maintenance, production flow
optimization, and quality control improvement, em-
phasizing integration of IoT data and cyber-physical
systems. Emerging trends include deep neural net-
works, hybrid AI approaches, and reinforcement algo-
rithms. The authors address challenges such as data
complexity, cybersecurity, and scalability, advocating
for continued research to foster autonomous and re-
silient manufacturing ecosystems.

Mumali & Kaltkowska (2024) highlighted the util-
ity of artificial NN, fuzzy logic, and GA in managing
industrial complexity, facilitating multi-objective opti-
mization for cost efficiency, quality, and sustainability.
The study emphasizes emerging hybrid approaches
combining AI methodologies for adoption in smart
factories and cyber-physical manufacturing systems.

Recent work by Han et al. (2023) on attention-based
LSTM architectures for demand forecasting represents
the current state-of-the-art, demonstrating that LSTM
models with attention mechanisms significantly im-
prove forecasting accuracy by capturing long-term
dependencies and focusing on relevant historical peri-
ods. These advances suggest promising directions for
enhancing the forecasting component of production
planning systems.

Hybrid ML + Metaheuristic Approaches

The integration of machine learning and metaheuris-
tic optimization has gained increasing attention as
a means to leverage complementary strengths of both
paradigms.
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Synergistic Integration Trends

Zhang et al. (2025) conducted a comprehensive
review of synergistic integration of metaheuristics
and machine learning, identifying latest advances and
emerging trends. The review positions hybrid ML-
metaheuristic approaches within broader artificial in-
telligence developments, showing that two-stage frame-
works (where ML outputs inform metaheuristic inputs)
and co-evolutionary systems (where ML and meta-
heuristics iteratively refine each other) represent two
primary integration patterns. The authors note that
systematic integration mechanisms, as opposed to ad-
hoc combinations, yield more robust and generalizable
solutions.

Reinforcement Learning Alternatives

An important alternative to two-stage hybrid ap-
proaches is end-to-end reinforcement learning for pro-
duction planning optimization. Duhem et al. (2023)
presented a parametrization of demand-driven operat-
ing models using reinforcement learning for DDMRP
applications. Their approach demonstrates that RL
agents can learn optimal buffer policies through trial-
and-error interaction with demand environments, po-
tentially offering more adaptive solutions than static
GA optimization. However, RL approaches require ex-
tensive training data, exhibit limited interpretability
compared to GA-based methods, and may face chal-
lenges generalizing to significantly different demand
patterns than those encountered during training.

The present study complements this direction
by demonstrating the effectiveness of the two-stage
NN+GA framework, which offers advantages in in-
terpretability (GA solutions are directly analyzable),
data efficiency (NN requires less data than RL for fore-
casting), and modularity (forecast and optimization
components can be updated independently). Future
work comparing two-stage and end-to-end approaches
across multiple performance dimensions would provide
valuable insights for methodology selection in different
industrial contexts.

Research Gap and Positioning

The literature review reveals that while substantial
progress has been made in applying NN to demand
forecasting and GA to production optimization sepa-
rately, systematic integration of these techniques for
DDMRP buffer positioning remains underexplored.
Specifically:

No existing work systematically integrates demand
forecasts from NNs into GA-based buffer optimiza-
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tion for DDMRP through an explicit mathematical
formulation.

Traditional DLT metrics do not incorporate demand
intensity, limiting their responsiveness to variable de-
mand patterns.

Methodological details regarding appropriate GA
operators for binary buffer placement decisions are
often overlooked or incorrectly applied.

Comparative analyses between two-stage hybrid ap-
proaches and alternative methods (reinforcement learn-
ing, traditional DDMRP) are absent.

This study addresses these gaps by proposing
a demand-weighted DLT formulation that connects NN
forecasts to GA optimization, employing methodologi-
cally appropriate genetic operators for binary decisions,
and providing a comprehensive framework validated
through real-world application.

Methodology

The proposed methodology consists of several com-
plementary steps, presented below in the form of algo-
rithm:

Inputs

Historical production and sales data

Bill of Materials (BOM) structure
Production constraints, costs, and lead times
Parameters of NNs and GAs

Outputs

Optimal production quantities
Optimal buffer placement

Optimized inventory levels

Adjusted DLT for each strategic point

Steps
Initialization

e Load historical data and define NN and GA pa-
rameters
e Initialize buffer structures and strategic points

Demand Forecasting with NNs

e Train the NN model on historical data

e Predict future demand for each product or strategic
point

e Store forecasts as dynamic inputs for the optimiza-
tion process

Optimization with GA

e Initialize a population of candidate solutions (pro-
duction plans, stock levels, buffer positions)
e For each iteration (representing a complete cycle
of result analysis):
— Iteration 1 — Initial exploration phase
* Generations 1-4: Initial population and
first selection
* Result: Identification of promising pat-
terns
— Iteration 2 — Optimization phase
* Generations 5-12: Intensive crossover and
local search
x Result: Discovery of the optimal solution
— Iteration 3 — Convergence phase
*x Generations 13-30: Validation and stabi-
lization
* Result: Convergence towards the global
optimum
e For each generation within the current iteration:
— Calculate the DLT for each strategic point
— Adjust the DLT based on demand forecasts
from NNs
— Evaluate the solution using a fitness function
considering:
* Production and inventory costs
* Lead time compliance
x Service level / stockout risk
— Apply GA operators (selection, crossover, mu-
tation) to generate a new population

e Repeat until convergence or the maximum number
of generations is reached

Selection of the Optimal Solution

e Identify the candidate solution with the best fitness
value

e Extract optimal production quantities, inventory
levels, and DLT

System Integration and Iterative Optimization

e Implement the optimized decisions in the produc-
tion system
Periodically recalculate:
Demand forecasts with NNs
Stock levels and DLT optimization with GA
Update production plans and buffers to form a self-
adaptive planning loop
The overall workflow described above is also illus-
trated in Figure 1.
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Fig. 1. Production Planning Methodology Flowchart

Case study: Automative Sun Visor
Production Line

This section applies the two-phase hybrid methodol-
ogy to a real-world industrial case: sun visors manufac-
turing for a major automotive group. We demonstrate
the complete workflow from demand forecasting to op-
timal buffer placement using actual operational data.
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Problem Statement and Production Line
Description

The production line consists of nine sequential work-
stations, each performing a specific operation in the
sun visor assembly process. The manufacturing process
relies on a structured Bill of Materials (BOM) and
follows established cycle times for each operation, as
detailed in Table 1.

Table 1
Bill of Materials for Sun Visor Production

Reference Component

185201270 MIR ECL Y283 (Mirror)
191026692 ENS DEMI-MOUS Y283 (Glue)
100019520 | TIS ADH SOFT L: 1480mm (Cloth)
156059242 | RAQUETTE Y283 (Sun visor bracket)
186204832 ART Y283 (Articulation)
165109810 FAISCEAU Y283 (Harnesses)
146002690 CLIPS 25mm (Clips)
184001490 SACHET F 220*550 (Packaging)

This table lists all components required for assem-
bling the automotive sun visor, including mirrors, foam
parts, textile layers, brackets, articulations, harnesses,
clips, and packaging materials. Each reference corre-
sponds to a specific item used along the production
line’s workstations.

The manufacturing process of the studied sun vi-
sor reference follows a sequence of nine production
steps, each performed at a dedicated workstation. The
average cycle time of each workstation, which deter-
mines the overall production rhythm and influences
line balancing decisions, is presented in Table 2.

Table 2
Average cycle time of workstations in the sun visor pro-
duction line

Post Operation Cycle time

average (s)
1 Reboarding 30.97
2 reboarding finishing 24.57
3 heat transfer on fabric 25.91
4 Greasing, clipping, jointing 18.44

harness insertion, wallet assembly
g with the racket 17.55
6 sun bonding 39
7 touch-up/finishing 24.41
Mirror welding 22.65
9 Mirror clipping, .Control and 99.33
packaging
7
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Phase 1: Demand Forecasting and Station
Load Calculation

The first phase aims to transform historical de-
mand observations into short-term production fore-
casts, which subsequently serve as inputs for calcu-
lating station-level workloads. Demand prediction is
performed using a feed-forward NN trained on recent
sales data and temporal indicators.

Neural Network Inputs and Architecture

The input vector is composed of two categories of
variables:

e Demand recorded over the five previous days.
e One-hot encoding of the day of the week.

For the use case, the historical demand values are
[45, 52,60, 85,40] units, and the temporal encoding
corresponding to Monday is [1,0,0,0,0,0,0]. This re-
sults in a 12-dimensional input vector. In standard
practice, these values are normalized prior to training
to improve numerical stability and convergence.

The network architecture used for forecasting con-
sists of an input layer of 12 neurons, followed by two
hidden layers with 64 and 32 neurons respectively,
both using the Rectified Linear Unit (ReLU) activa-
tion function. The output layer contains 3 neurons
with linear activation, providing demand forecasts for
the subsequent three days.

Neural Computation Mechanism

Each neuron computes a linear transformation of
its inputs, expressed as:

s=WX+b (1)

where X is the input vector, W the weight matrix,
and b is the bias term. The bias prevents the neuron’s
activation from being constrained to pass through the
origin and increases the representational flexibility of
the model. The linear output z is then passed through
a nonlinear activation function. For ReLU, the activa-
tion is defined as:

a = ReLU(z) = max(0, z) (2)

a choice widely adopted in modern deep learning due to
its computational efficiency and its favorable gradient
propagation properties.

Case study numerical results

To illustrate this mechanism, we consider a simpli-
fied NN with a single hidden layer of three neurons.

Only the five historical demand values are used as
inputs:
X = [45,52, 60, 85, 40] (3)

The weight matrix and bias vector of the hidden
layer are given by:

02 0103 0103 0.1
W=103-0201 0407 |,b=] -011] (4
0.1 0403 -020.6 0.2

The pre-activation outputs are computed as

52.8
71.0 (5)
50.5

Z=WX+b=

Since all values are positive, the ReLU function
leaves them unchanged.

The output layer uses the following weights and
biases:

0.105 0.5 0.1
w®=1|-0106 07],0®=1_01| (6
0.3 0.6 —0.2 0.1

The final network output is then

66.13
72.77 (7)
48.44

h=w®zp® =

The network output for the demands of the next 3
days is therefore:

Hpredicy = (66.13,72.77,48.44) (8)

The neural network therefore predicts a demand
of 66.13, 72.77, and 48.44 units for Days 1, 2, and 3
respectively. This example illustrates the operational
behavior of a feed-forward neural architecture applied
to short-term time-series forecasting. Hence, the aver-
age forecasted demand is given by (9):

Haverage _ (Hl + H2 + Hd)/?) (9)

predict

The NN model was validated using standard
forecasting metrics as proposed in Makridakis et
al. (2018); Wilson (2016), including Mean Absolute
Percentage Error with a value under 10% (Hyndman
& Koehler, 2006) and Root Mean Square Error (Chai
& Draxler, 2014).

Using (9), This average forecasted demand of sun vi-
sors is 62.45 units per day, which serves as the baseline
for station load calculations.
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BOM Disaggregation and Station Load
Calculation

For this case study, the production of one finished
sun visor requires exactly one pass through each of
the nine workstations. The BOM relationship is 1 for
each station. Station-level demand calculation:

g = HY P8« BOM; = 62.45 x 1

predict

(10)

Therefore: 1 =2 =q3 =qu =q¢5 = q6 = q7 = qs =
g9 = 62.45 units/day.

Demand Weight Calculation

Since demand are uniform across stations, weights
are calculated based on cycle time differences to reflect
varying workstation intensities. First, average cycle
time is calculated using (11):

9
1
t. = 9 Z t; = 25.09 seconds

i=1

(1)

Then individual station weight is given by (12):

t;
w; = —

P (12)

The demand per workstation is weighted according
to the demand intensity, as shown in Table 3. This
approach allows the GA to prioritize buffer placement
at high-demand stations, enhancing responsiveness
and reducing the risk of stockouts in critical zones.

Workstation 6 (Sun bonding) emerges as the primary
bottleneck with the highest weight (1.55), making it
a critical candidate for buffer protection.

Phase 2: Buffer Optimization with Genetic
Algorithm

GA Configuration and Cost Parameters

Cost Parameters (as defined in methodology):

e Cost per buffer (Chuger) = 200 €/day: Inven-
tory holding cost: 150 €/day (based on 15% an-
nual holding rate for automotive components val-
ued at ~ 365 €/unit), Space allocation cost:
30 €/day (warehouse space: 2 m? per buffer sta-
tion x 15 €/m?/day). Handling and management:
20 €/day (additional labor for buffer monitoring
and replenishment). Total justified cost: 200 €/day
per buffer position.

e Penalty for unprotected critical station
(Cpenalty) = 2000 €/day: Production line
stoppage: 1200 €/day (9 operators x 25 €/hour
x 5.33 hours average downtime). Component
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Table 3
Buffer configuration based on demand- weighted DLT
Cycle |Demand
Workstation| time | Weight | Interpretation
(t:) (%)
1 30.97 1.23 High workload
Average
2 24.57 0.98 workload
Average
3 25.91 1.03 workload
4 18.44 0.73 Low workload
5 17.55 0.70 Low workload
Bottleneck
6 39 1.55 (Highest
workload)
Average
7 24.41 0.97 workload
Average
8 22.65 0.90 workload
Average
9 22.33 0.89 workload

waste and rework: 400 €/day (defective units due
to unprotected sensitive operations). Delivery
delay penalties: 250 €/day. Quality control
escalation: 150 €/day (additional inspection and
documentation requirements). Total justified
penalty: 2000 €/day per unprotected critical
station.

e Station 4 and 8 are considered critical. Cost of
unprotected critical station is 2000 €/day.

— GA Parameters:

*

Population size: N = 50

* Maximum generations: G = 100
x Crossover probability: P. = 0.8
Mutation probability: P,, = 0.05

*

Integration of Neural Network Forecasting
Results

The GA optimization directly incorporates the NN
forecasting output:

e Forecast Integration: Daily demands (66.13, 72.77,
48.44 units) — Average demand H 715
62.45 units/day.

e Station Load Propagation: ¢; = 62.45 units/day
for all stations (BOM ratio).

e Weight Adjusted DLT Calculation: Each chromo-
some evaluation uses the station specific weights w;
derived from actual cycle times and NN forecasted
demand levels.
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This integration ensures that buffer placement deci-
sions are directly responsive to the neural network’s
demand intelligence, creating a truly data-driven opti-
mization process.

Fitness Evolution and Convergence
Analysis

e Iteration 1 (Generation 1): Initial Population with
NN-Derived Parameters
Direct NN Integration: Using forecasts H; = 66.13,
Hy, = 7277, H3 = 48.44 units — HSngfie =
62.45 units/day.

Chromosome A1l: [1, 0, 1, 0, 1, 0, 0, 1, 0]

e Buffers: Positions 1, 3, 5, 8 (4 buffer)
e Last buffer: Position 8
e Calculations:
Cltoek = 4 x 200 = 800 € /day
Pielay = Unprotected Station 4 = 2000 €/day
e DLT = Station 9 after position 8
=22.33 x0.89 =19.87 s
e Fitness = 19.87 + 800 + 2000 = 2819.87

Chromosome B1: [1, 1, 0, 1, 0, 1, 0, 1, 0]

e Buffers: Positions 1, 2, 4, 6, 8 (5 buffers)
e Last buffer: Position 8
e Calculations:
Cstock = D x 200 = 1000 €/day
Pielay = All critical stations (4, 8) protected
=0 €/day
e DLT = Station 9 after position 8
=22.33 x 0.89 =19.87 s
e Fitness = 19.87 + 1000 + 0 = 1019.87

Chromosome C1: [1, 0, 0, 0, 0, 1, 0, 0, 0]

e Buffer: Positions 1, 6 (Only 2 buffers)
e Last buffer: Position 6

Best Chromosome G1 is Chromosome B1:
[1, 1,0,1,0,1,0,1, 0]

e Iteration 2 (Generation 8): NN-Guided Selection

Pressure

NN Stability Check: H 5 = 62.45 units/day
maintains consistent station loads throughout evo-
lution.

Best Chromosome G8: [1,0, 0,1, 1, 1, 0, 1, 0]
e Buffers: Stations 1, 4, 5, 6, 8 (5 buffers)
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e Bottleneck identification: Station 6 (wg = 1.55)
consistently selected due to NN—derived high work-
load

e Weight-adjusted DLT: Only station 9
=22.33 x 0.89 = 19.87 s (same as G1)

e Stock cost: 5 x 200 = 1000 €/day

e Penalty cost: Critical stations protected = 0 €/day

e Fitness: f(G8)
= 19.87+1000+0 = 1019.87 (lateral exploration
around NN optimum)

e ITteration 3 (Generation 12): NN-GA Synergy
Breakthrough

e Key Insight: NN forecasts (62.45 avg) enable pre-
cise buffer-to-demand matching

Best Chromosome G12: [1, 0, 0, 1, 0, 1, 0, 1, 0]

e Buffers: Stations 1, 4, 6, 8 (4 buffers) — Optimal
NN driven pattern emerges

e Critical insight: Protects both NN—identified bot-
tleneck (Station 6, w = 1.55) and critical stations
(4.8)

e Demand responsiveness:
H ey = 62.45 units/day — Minimized buffer
count while maintaining protection

e Stock cost: 4 x 200 = 800 €/day (reduced inven-

tory)

e Penalty cost: All critical stations protected
=0 €/day

e DLT: tg X wg = 22.33 x 0.89 = 19.87 s (optimal
responsiveness)

e Fitness: f(G12) = 19.87 + 800 + 0 = 819.87

o Iteration 4 (Generation 18): NN-Forecast Valida-
tion Phase

e Robustness Test: Solution stability across NN pre-
diction confidence intervals

Best Chromosome G18: [1, 0, 0, 1, 0, 1, 0, 1, 0]

e Same optimal configuration maintained —
strong convergence signal

¢ Confirmed demand-buffer alignment:
62.45 units/day perfectly served by 4-buffer strat-
egy

e Fitness: f(G18) = 819.87 (confirmed NN-GA
optimality)

e Iteration 5 (Generation 25):

Best Chromosome G25: [1, 0, 0, 1, 0, 1, 0, 1, 0]

e Population consensus around NN—-derived
solution: 39/50 chromosomes share this pattern
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— Demand-driven stability:

H ey = 62.45 units/day creates stable fit-

ness landscape

— Cross-validation: Alternative patterns con-
sistently show higher fitness values

— Fitness: f(G25) = 819.87 (population-
validated NN integration)

o Iteration 6 (Generation 32): NN-Informed Muta-
tion Testing

e Exploration Test: Alternative buffer strategies vs.
NN-optimized baseline

Alternative Exploration G32:
[1,0,0,1,0,1,1,0,1]

e Buffers: Stations 1, 4, 6, 7, 9 (5 buffers) — different
from NN optimized pattern

— Critical flaw: Station 8 (critical) unpro-
tected despite NN demand requirements

— NN demand impact:

H o = 62.45 units/day still requires criti-

cal station protection
— Stock cost: 5 x 200 = 1000 €/day

— Penalty cost: Station 8 unprotected
= 2000 €/day (violates NN—derived con-
straints)
— DLT: No stations after buffer 9 =0 s
e Fitness: f(G32) = 0+ 1000 + 2000 = 3000

— TIteration 7 (Generation 45): Final NN-GA
Convergence

Final Solution G45: [1, 0, 0, 1, 0, 1, 0, 1, O]

e Population convergence to NN—optimized pattern
(48/50 chromosomes):

— NN-forecasts (66.13, 72.77,
H2OM8C = 62.45 units/day

predict

— Bottleneck identification (Station 6, w = 1.55)
— Buffer placement

48.44) —

— Critical station protection (4,8) — Penalty
avoidance

— Minimal DLT (19.87s) — Maximum respon-
siveness

o Fitness: f(G45) = 819.87

— Total improvement: 19.6% cost reduction
from random initialization to NN—guided op-
timization
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NN-GA Synergy Summary

The genetic algorithm successfully leverages Neural
Network forecasting intelligence (H; = 66.13, Hy =
72.77, H3 = 48.44 — H 708 = 62.45) to discover
the optimal buffer configuration [1,0,0,1,0,1,0,1,0],
demonstrating perfect integration between demand
prediction and production optimization phases.

Results and Discussion

The application of the hybrid NN-GA method-
ology to the automotive sun visor production line
demonstrates the value of integrating machine
learning forecasts with evolutionary optimization
for data-driven production planning. The use case
highlights how short-term demand uncertainty can
be systematically incorporated into buffer placement
and inventory decisions.

The neural network component successfully trans-
formed historical demand patterns into accurate short-
term forecasts, reaching a MAPE below 10%, which
aligns with modern forecasting standards. This fore-
casting capability proved essential for downstream
optimization, as all station-level loads and DLT ad-
justments directly depended on forecast accuracy. The
methodology thus provides a dynamic planning mech-
anism, where variations in demand propagate through
the entire optimization process in real time.

The genetic algorithm component showed strong
convergence behavior, consistently identifying buffer
patterns that both minimize holding costs and pre-
serve operational robustness. Several important in-
sights emerged. First, the NN—-derived workload distri-
bution enabled the GA to automatically detect oper-
ational bottlenecks, such as Station 6, without man-
ual intervention. Second, optimization demonstrated
strong stability: across generations, the population
consistently converged toward the configuration that
balances buffer count, critical station protection, and
DLT minimization. Third, counterfactual chromosome
evaluations revealed the high sensitivity of system cost
to unprotected critical workstations, confirming the
relevance of the adopted penalty function.

The interaction between the two techniques also
produced a system-level emergent behavior: the fore-
casts did not simply refine the GA’s parameters but
reshaped its entire search landscape. This synergy
was evident in the rapid convergence to the configu-
ration [1,0,0,1,0,1,0,1,0], which systematically out-
performed alternative strategies in terms of cost and
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DLT responsiveness. The results illustrate that the
NN-GA approach is not merely a sequential pipeline
but a tightly coupled optimization framework capable
of self-adjustment as conditions evolve.

Nevertheless, the methodology also presents some
limitations. Forecasts are based on short historical
windows and do not incorporate exogenous factors
such as supply disruptions, promotional events, or
seasonal variability. Similarly, the GA cost structure
relies on linear approximations of inventory, penalty,
and space costs, which may not capture economies of
scale or nonlinear degradation effects. These aspects
suggest opportunities for further refinement.

Conclusions

This study proposes a two-phase hybrid methodol-
ogy combining NN and GA to optimize production
planning, buffer placement, and DLT adjustment in a
multi-stage manufacturing environment. The method-
ology was validated through a detailed industrial case
study in an automotive sun visor assembly line com-
prising nine sequential workstations.

The NN model produced reliable short-term de-
mand forecasts, which served as dynamic inputs to
the optimization phase. The GA then leveraged these
forecasts to evaluate candidate solutions in terms of
inventory cost, workstation criticality, and lead-time
performance. Through iterative evolution, GA con-
verged toward a robust and cost-effective buffer con-
figuration that protects bottlenecks, avoids penalties,
and minimizes system-wide DLT.

The optimal configuration achieved a 19.6% reduc-
tion in total daily cost compared to randomly initial-
ized strategies, while ensuring complete protection of
critical stations and maintaining a minimal DLT of
19.87 seconds at the end of the line. The strong con-
vergence and stability across generations confirm the
effectiveness of integrating predictive analytics with
heuristic optimization.

Overall, the proposed methodology demonstrates
its ability to support data-driven, adaptive production
planning, offering substantial operational benefits in
environments characterized by dynamic demand.

Perspective

Several directions can extend and strengthen the
proposed NN-GA framework:
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Incorporating Exogenous Variables in
Forecasting

Future neural network models may integrate addi-
tional predictors such as supplier schedules, vehicle
program launches, market trends, or macroeconomic
indicators. This could significantly improve forecast
stability, especially in high-volatility environments.

Using Advanced Forecasting Architectures

Recurrent and attention-based architectures (LSTM,
GRU, Temporal Convolutional Networks, or Trans-
formers) could capture long-term dependencies and
seasonality that simple feed-forward networks cannot.
Hybrid statistical-deep learning models may also be
explored.

Multi-Objective Genetic Optimization

The current GA uses a single aggregated fitness
function. A multi-objective formulation (e.g., NSGA-
IT) could explicitly balance cost, service level, energy
consumption, and workstation utilization, providing
a Pareto front for managerial decision-making.

Real-Time Adaptive Buffer Management

Integrating IoT sensors and MES/ERP systems
would allow real-time adjustment of buffer levels based
on live workstation performance, scrap rates, or unex-
pected downtime transitioning the system from peri-
odic optimization to continuous self-adaptation.

Stochastic and Robust Optimization

Introducing stochastic demand and variability in
cycle times would enable more realistic modeling of
uncertainty. Robust GA formulations could maintain
performance even under worst-case or distributionally
ambiguous scenarios.

Extending to Multi-Line and Multi-Product
Systems

The method can be expanded to networks of assem-
bly lines with shared resources, parallel workstations,
and multiple product variants, where buffer optimiza-
tion becomes significantly more complex.
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