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Abstract

High shrinkage-related defect rates in aluminum die casting reduce effective production
capacity. They also create energy-intensive re-melting loops, which weaken production
planning reliability and environmental performance. This study examines how Green
Lean Six Sigma can stabilize a resource-constrained Small and Medium-Sized Enterprise
(SME) die-casting process and translate quality improvement into measurable capacity
recovery and Scope 2 electricity-related carbon savings. Based on a 10-month case study,
the Define-Measure—Analyze-Improve—Control (DMAIC) framework was integrated with
factorial ANOVA, the Response Surface Methodology (RSM), one-way analysis of variance
(ANOVA) and statistical process control (SPC). These methods supported process parameter
identification, operating-window development and shop-floor process stabilization. The
analysis identified the filling speed and mold temperature as significant shrinkage drivers,
developed a mold temperature control map, and determined the standardized filling
speed at 800 mm/s. The intervention reduced the shrinkage defect rate from 7.19% to
1.46%, reduced the overall scrap rate from 7.60% to 2.71%, and improved the overall sigma
level from 2.93 to 3.42. This yield improvement generated a 4.89 percentage-point yield-
equivalent capacity gain, avoided 4401 kWh of re-melting electricity, reduced Scope 2
emissions by 2.36 t CO,e, and generated gross annualized savings of RMB 249,214 (USD
35,783). Considering a one-time implementation cost of RMB 31,445 (USD 4515), the first-
year net saving was RMB 217,769 (USD 31,268). The findings show that accessible statistical
process control methods can provide SMEs with a resource-efficient pathway to improve
process stability, capacity utilization and electricity-related environmental performance
before investing in advanced digital technologies.

Keywords: Green Lean Six Sigma; production capacity; process capability; statistical
process control; aluminum die casting; Response Surface Methodology (RSM)

1. Introduction

Aluminum die casting involves energy-intensive stages [1], and process energy stud-
ies show that die casting has substantial manufacturing energy requirements [2]. As a
result, scrap creates a double penalty of lost productive capacity and additional re-melting
energy demand. For operations with a 7-8% scrap rate, approximately 15-16% of total
furnace energy is wasted on producing and reprocessing defective parts. This creates a
hidden operational inefficiency. It weakens production planning reliability [3] and reduces
profitability through the unquantified cost of poor quality (COPQ) [4].
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SMEs are important participants in the global die-casting supply chain, especially in
dense urban transport systems and rapidly growing Asian markets [5,6]. For these firms,
manufacturing high-strength aluminum components through high-pressure die casting
(HPDC) presents significant operational challenges. Recent research on A15052 alloy shows
that hybrid in situ AI3Ni and nano-SiC reinforcement can simultaneously improve strength,
ductility and wear resistance, indicating the increasing demand for high-performance
aluminum alloy components [7]. In addition, studies on AICrN-coated cemented carbide
tools show that wear mechanisms are highly sensitive to process parameters and thermo-
mechanical conditions [8]. This further emphasizes the need for robust process modeling
and control in alloy component manufacturing. Aluminum die casting is energy-intensive.
Dalquist and Gutowski [2] identify die casting as an energy-demanding conventional man-
ufacturing process, while He et al. [1] show that melting is a major energy-consuming stage
in aluminum die-casting operations. High defect rates not only erode production capacity
and profitability but also amplify the manufacturing carbon footprint through repeated
rework and re-melting cycles. In die-casting operations, rejected castings commonly return
to melting or re-melting operations. This internal recycling loop is important because
melting is one of the most energy-intensive stages in aluminum die casting. Therefore, this
operational instability creates a significant practical challenge for SMEs. Unlike large corpo-
rations, SMEs often face limited financial and technical resources when adopting advanced
manufacturing technologies. Mittal et al. [9] show that many Industry 4.0 maturity models
are hard for SMEs to apply. Separately, Moeuf et al. [10] find that SMEs face resource, data,
and management barriers when adopting Industry 4.0. These constraints are increasingly
problematic as SMEs face tightening customer quality requirements, rising energy costs
and increasingly stringent environmental regulations.

From a production performance perspective, unstable defect rates reduce effective
capacity, weaken schedule reliability and increase the gap between planned and actual
output. These disruptions are especially problematic for SMEs because limited buffer
capacity makes production plans more sensitive to scrap, rework and parameter drift. Cao
et al. [11] show that the EU Carbon Border Adjustment Mechanism (CBAM) raises carbon
pressure on aluminum-intensive supply chains. Meanwhile, Mohsin et al. [12] find that
Scope 3 disclosure demands from customers are spreading through supplier networks. As a
result, process control excellence has shifted from a competitive advantage to a strategic op-
erational requirement [13]. Typical Lean Six Sigma (LSS) approaches have proven effective
at improving operational efficiency and production performance [14-16], but conventional
implementations often treat environmental sustainability as an implicit byproduct rather
than an explicit objective [17]. The Green Lean Six Sigma (GLSS) framework addresses this
limitation. It embeds environmental metrics into the DMAIC roadmap and uses statistical
process control (SPC) to ensure long-term stability [18,19]. Under GLSS, energy waste and
pollutants are treated as operational defects [20].

Despite growing academic interest in GLSS, the current literature exhibits three critical
gaps. First, existing studies predominantly focus on large enterprises, leaving SME-specific
implementation challenges underexplored [21]. Second, recent frameworks increasingly
emphasize expensive Industry 4.0/5.0 technologies, such as Al-based manufacturing an-
alytics [22] and digital twins [23,24], which remain financially prohibitive for resource-
constrained manufacturers. Third, while several studies have applied LSS to casting
processes, they either focus exclusively on quality metrics while ignoring environmental
externalities [25] or provide engineering-based energy models lacking integration with
systematic management frameworks [1]. More broadly, empirical evidence demonstrat-
ing how process capability improvements translate into measurable gains in production
efficiency and environmental performance simultaneously remains limited [14].
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This study addresses these gaps through a 10-month longitudinal investigation of a
representative Chinese SME specializing in aluminum die casting for e-bike components.
The study implements a GLSS-DMAIC framework supported by factorial ANOVA, RSM-
based mold temperature modeling, one-way ANOVA for filling-speed standardization,
and SPC. Rather than emphasizing capital-intensive digital technologies, the study focuses
on process parameter identification, operating-window development and executable shop-
floor control rules. This process control perspective is particularly relevant to SMEs because
it provides a resource-efficient pathway for improving process stability, effective capacity
and electricity-related environmental performance.

This study contributes to quality improvement and production process control research
in three ways. First, it links shrinkage reduction to yield-equivalent capacity recovery,
showing how process capability improvement can enhance effective capacity and pro-
duction planning reliability. Second, it introduces the carbon footprint of quality in an
energy-intensive re-melting-loop context and provides an empirical calculation of avoided
Scope 2 electricity-related emissions from reduced internal re-melting. Third, it provides
case-based evidence that accessible statistical process control methods can support SME
process stabilization. These methods convert experimental findings into practical operating
windows, SOP updates and SPC routines. Although prior GLSS studies have reported
defect reductions, cost savings and environmental-performance improvements [14,19,26],
limited empirical evidence explains how process stabilization improves production perfor-
mance through yield-equivalent capacity recovery and reduced internal recycling loops in
energy-intensive SME manufacturing.

2. Literature Review
2.1. Theoretical Evolution from Lean Six Sigma to Green Lean Six Sigma

Womack and Jones [27] conceptualize Lean as a waste elimination philosophy, while
Montgomery [20] presents Six Sigma and statistical quality control as structured approaches
to variation reduction. Lean Six Sigma (LSS) combines these two traditions into a widely
adopted framework for operational excellence. Early LSS applications focused primarily
on cost reduction, defect elimination and process capability improvement [16,28]. With
the increasing importance of sustainable manufacturing, however, the scope of LSS has
expanded toward environmental and resource-efficiency objectives [17,29]. Rathi et al. [19]
and Hussain et al. [18] describe GLSS as an extension of LSS that incorporates environmental
pollutants, energy inefficiency and material loss into the DMAIC improvement logic.
Ghasemibojd et al. [21], through a systematic review, further show that GLSS research has
increasingly moved toward sustainability-oriented performance measurement.

This theoretical shift is important because environmental performance is no longer
viewed merely as an incidental outcome of efficiency improvement. Instead, GLSS treats
environmental waste as a measurable operational problem that can be reduced through
structured problem solving, statistical analysis and standardized process control [14,19]. In
energy-intensive manufacturing, this logic is particularly relevant because defects create
both economic losses and redundant energy consumption. For example, Milewska and
Milewski [30] demonstrated that applying GLSS methodologies can significantly reduce
total energy demands in energy-intensive die-casting processes. Prior research has shown
that Lean and quality improvement practices can support environmental performance, and
comprehensive frameworks like total quality management have been proven to effectively
bridge broader corporate social responsibility initiatives with concrete quality outcomes [31].
However, the mechanisms linking process capability, capacity recovery and carbon reduction
require further empirical clarification [17,32]. Addressing this need for systematic evaluation,
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Gandhi and Thanki [26] recently validated the substantial environmental and economic gains
of integrating Lean, Green, and Six Sigma into foundry operations.

As summarized in Table 1, GLSS applications have expanded across different man-
ufacturing sectors. Existing empirical evidence, however, remains concentrated on large
or relatively mature organizations, while SME-specific implementation pathways are less
developed [21,33]. Recent studies also increasingly connect GLSS with Industry 4.0/5.0
technologies, including artificial intelligence, digital twins and blockchain [23]. Concur-
rently, Pongboonchai-Empl [34] introduced DMAIC 4.0 to innovate Lean Six Sigma process
control specifically within high-pressure die-casting environments. Although these tech-
nologies can strengthen monitoring and decision support, they may exceed the financial,
technical and data infrastructure capabilities of many SMEs [35,36]. Therefore, the SME
context requires greater attention to GLSS approaches based on established statistical tools,
SOP discipline and SPC rather than capital-intensive digital systems.

Table 1. A comparative analysis of the literature on GLSS and energy-intensive production sustainability.

Environmental Key Contribution &

The Literature Sector Firm Scale Methodology Metric Research Gap

Explores high-end
frameworks using Al, digital
Boumsisse et al. Manufacturin Laree Industry 5.0 + Environmental twins, and blockchain;
(2025) [23] & & GLSS performance technological complexity and
cost are prohibitive for
resource-constrained SMEs.

Validated GLSS for packaging
waste in highly regulated
. pharma; operational
Mc?zl(l)gg?g;]zt al. Pharma Large (DDIF/[C;LDS\S]) Waste reduction dynamics differ
fundamentally from
high-temperature
thermodynamic casting.

Integrated LSS with Life Cycle
Assessment (LCA) relies on
abstract “Pt” scores rather
than absolute carbon (CO5e)
physical measurements.

Ben Ruben et al. Automotive Large/ GLSS (DMAIC Environmental
(2017) [14] medium-sized + LCA) impact (Pt)

Optimized sand-casting
parameters via Taguchi
methods; environmental and
carbon implications not
explicitly quantified.

Ranade et al. (2021) . DMAIC + Implicit
[38] Sand casting SME Taguchi (metal yield)

Validated Six Sigma feasibility
for hardness and composition
control; does not address
environmental externalities
like carbon or energy.

Barot et al. (2020) None
[25] Iron foundry SME LSS (DMAIC) (quality only)

Established energy flow
models to identify intensive
steps; focuses on engineering
analysis without integrating
management frameworks
with Six Sigma management
control.

Energy Energy efficiency

He et al. (2019) [1] Al casting N/A modeling (kWh)
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The Literature Sector Firm Scale Methodology Metric Research Gap
Provides global trends of
Ghasemibojd et al. Multiple All Systematic General iLOS isnizol}:’:ilgg' i?d}ﬁ?dﬁsstzy
(2025) [21] p review (SLR) sustainability : & 7 MBNAGALS ¢
severe lack of sector-specific
empirical data.
Empirically validates the
“triple dividend” of process
GLSS (DMAIC stabilization by combining
. factorial ANOVA, RSM-based
. . + factorial COse & kWh
This study E-bike (Al) SME . mold temperature control,
ANOVA + savings filline- d standardization
RSM + SPC) illing-speed s izatio

and SPC in a
resource-constrained SME
die-casting context.

2.2. Process Control Challenges in Aluminum Die Casting

Aluminum die casting is widely used for complex lightweight components because of its
high productivity and geometric capability. However, HPDC remains highly sensitive to filling,
pressure, thermal and solidification conditions. Bonollo et al. [39] describe HPDC as a process
characterized by strong interactions among process variables, while Dargusch et al. [40] show
that solidification pressure affects the quality of high-pressure die-cast aluminum components.
Tsoukalas [41] further demonstrates that process optimization can reduce porosity formation
in AISi9Cu3 pressure die castings. Thermal control is therefore particularly important because
die temperature behavior influences filling stability, solidification and shrinkage-related defect
formation [42]. From a production control perspective, this thermodynamic sensitivity creates
significant process capability challenges, as even minor parameter drift can trigger defect
cascades that disrupt production schedules and capacity utilization [20]. The recent literature
emphasizes the “energy footprint of quality”, noting that aluminum melting accounts for over
50% of die-casting energy consumption [1]. Defective castings often re-enter the melting loop,
thereby adding avoidable electricity consumption and material oxidation losses to the direct
quality cost [43,44]. This mechanism explains why process instability in die casting should
be examined not only as a quality-control problem but also as a source of capacity loss and
electricity-related carbon emissions.

2.3. Critical Success Factors for LSS Implementation in SMEs

Beyond methodological rigor, successful LSS implementation depends critically on or-
ganizational factors. Recent empirical studies consistently identify leadership commitment
and cross-functional team engagement as pivotal determinants of project success [45,46].
For SMEs specifically, the ability to transform tacit operational knowledge into explicit,
documented control procedures represents a key capability development challenge [47,48].
Furthermore, the DMAIC framework serves not only as a problem-solving tool. It can also
function as a knowledge management system. In this role, it may enhance organizational
absorptive capacity, which refers to the ability to recognize, assimilate and apply new
information [49]. This learning dimension proves particularly valuable in manufacturing
contexts where process understanding often resides in individual operators’ experience
rather than formalized documentation. Recent case studies in similar manufacturing
environments [50,51] confirm that systematic problem-solving methodologies foster contin-
uous improvement cultures, though the specific mechanisms linking statistical training to
organizational capability development remain underexplored in SME contexts [52].
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3. Research Methodology
3.1. Research Design and Case Selection

This research uses a single-case study approach [53]. It examines how optimizing
process control can improve quality, cost, and environmental performance in a resource-
constrained manufacturer. The subject is a Chinese SME specializing in aluminum die
casting for electric bicycle components. The firm employs approximately 120 workers,
operates six 400-ton die-casting machines, and produces more than 200,000 aluminum
rear fork assemblies annually. This firm was selected because it faces stringent quality
standards and tightening environmental requirements, two pressures common among
similar suppliers.

The empirical boundary of this case should be clearly specified. This study focuses
on ADC12 aluminum alloy components produced by high-pressure die-casting machines
with a clamping force of 400 tons. The focal defect mode is shrinkage-related scrap in
aluminum rear fork components. Therefore, the findings are most applicable to aluminum
alloy HPDC processes with comparable component sizes, thermal conditions, die-casting
machine capacities and internal re-melting practices. The results should be generalized
cautiously to other alloy systems, substantially different machine-tonnage ranges, large
structural castings, or defect modes dominated by different mechanisms, such as cold shuts,
gas porosity, inclusions or surface cracks.

3.2. The Integrated GLSS-DMAIC Framework

This study operationalizes an integrated GLSS framework (Figure 1) that reframes
shrinkage-related scrap as a multidimensional operational problem rather than a purely
financial loss. The framework conceptualizes scrap as a double penalty because it consumes
productive capacity and creates redundant energy demand through the aluminum re-
melting loop. The DMAIC phases are used to connect shrinkage-related process instability
with three outcomes: improved process capability, yield-equivalent capacity recovery and
quantifiable environmental abatement.

Integrated Green Lean Six Sigma Engine

! process | Operational Excellence
D-M-A Phases ! Stability (Quality Lift)
7 769 o
Define CTQ/CTE, Measure MSA, Analyze Cause - Scrap: 7.6% ->2.71%

The Double Penalty Paradox - Sigma: 2.93 ->3.42
(Input Context) - Saved: $35,783/yr
Defective Aluminum Casting: |

Identify Low-Carbon Operating Window Environmental Sustainability

(Scope 2 Decarbonization)

‘
|

i

E

Tiggers | SR i
erenton I Phase: RSM Optimization '
| ]
— i
1

1

I

1. Material Waste (COPO) H EFO
2. Re-melting Sink (Loop) | Zhotement
C Phase: SPC Monitoring

1
Parameter Lock-in & Process Stability ;
i

- Avoided Re-melting:
- Saved: 4401 kWh/yr
- Abated: 2302 kg CO2e

Figure 1. Conceptual framework of integrated GLSS for die-casting process control optimization.

Figure 2 presents the integrated GLSS-DMAIC roadmap used to guide the case imple-
mentation. The roadmap links each DMAIC phase with the corresponding tools, including
Green Suppliers-Inputs—Process—Outputs—Customers (SIPOC), measurement system analysis,
Pareto analysis, factorial ANOVA, RSM, one-way ANOVA, Standard Operating Procedure
(SOP) revision and SPC monitoring [54]. The Define phase establishes a dual-objective base-
line by aligning Critical-To-Quality (CTQ) requirements with Critical-To-Environment (CTE)
metrics through a Green SIPOC framework (Figure 3). In this study, “Green SIPOC” extends
the conventional SIPOC tool by explicitly adding energy use, scrap generation, re-melting
loops and carbon-relevant outputs to the process map [55]. It was used to identify where

https:/ /doi.org/10.3390/pr14172717


https://doi.org/10.3390/pr14172717

Processes 2026, 14, 2717

7 of 29

quality defects generated environmental burdens in addition to production losses. The Mea-
sure phase verifies data reliability through measurement system analysis and uses Pareto
analysis to identify the defect modes that drive both quality losses and redundant energy
consumption. The Analyze phase applies ANOVA to isolate the process variables associated
with shrinkage-related defects. The Improve phase develops the mold temperature control
map and filling-speed standard, while the Control phase institutionalizes the improved set-
tings through SOP updates and SPC monitoring. In this way, the GLSS-DMAIC framework
converts statistical learning into sustained organizational capability.

DEFINE 24 MEASURE Z4 ANALYZE Z4 IMPROVE ZF4 CONTROL

Quality Focus Quality Focus :

* Root Cause

1 1 [ (I 1
1 1 [ (I 1 1
1 [ [ [ [ 1
1 L . . [ TR i o
I < Define Scrap 1 | *Baseline Sigma 1 | Arialysis (T * RSM 11 * SPC Monitoring 1
: Target : : * Defect : : « The r¥n al : : Optimization : : * Process :
- Identify CTQs ¢ Distribution i Patairicters o I Process Control i Capability .
1 [ [ (I [ 1
S LN [ | S S V| NSV (N S |
Green Focus Green Focus Green Focus Green Focus Green Focus
* Define CTE « Carbon * Sustainability
Metrics  Carbon Baseline * Re-melt Energy Abatement SOPs
* Energy * Energy Audit * Penalty Analysis * Resource * Energy
Boundaries Efficiency Scorecard
i __1CTQ [__|CIE

Figure 2. Integrated GLSS-DMAIC roadmap for manufacturing process control.

S | P (0) C
(Supplier) (Input) (Process) (Output) (Customer)

s Aluminum Alloy Melting & - Next Assembly
Material Vendor (ADCI2) Good Castings (Machining)
v
y ; Die Casting Scrap / Waste Final Consumer
Mold Supplier Mold & Tooling (Redundant) (Automotive)
v
e Electricity Trimming CO: Emissions The Environment
Energy Grid (Energy) (Footprint) (Stakeholder)
v
Inspection
[_1 Standard Lean Element (Traditional) [ Green Environmental Element (Optimization)

Figure 3. Green SIPOC framework for systemic analysis of die-casting process.

3.3. Statistical Optimization and Process Control Methods

The method selection was guided by the research problem. This study needed to
identify shrinkage drivers, define feasible operating windows, and convert the results into
shop-floor control rules. A fully digital solution was not the best first option. Al-based
control needs large datasets and analytics capability [22]. Digital twins require real-time
data and model integration [24]. Many SMEs lack such data infrastructure and specialist
skills [9]. They also face financial and managerial constraints in digital adoption [10].
Therefore, accessible statistical methods were more suitable for this case.
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DMAIC was used because the project required diagnosis, improvement and control.
Antony et al. [13] describe DMAIC as a structured route for Lean Six Sigma problem
solving. Rathi et al. [19] show that GLSS extends DMAIC by adding environmental
performance. This fit the case because shrinkage scrap caused both capacity loss and
electricity-consuming re-melting. Cherrafi et al. [17] argue that sustainability-oriented LSS
should treat resource waste as an explicit improvement target. Ruben et al. [14] also show
that LSS can connect process improvement with environmental outcomes.

Factorial ANOVA was selected for factor screening. Montgomery [20] presents
ANOVA as a standard method for testing factor effects and interactions. This was suitable
because HPDC defects are affected by coupled thermal and filling conditions. Bonollo
et al. [39] note that HPDC quality depends on interacting process variables. Tsoukalas [41]
shows that parameter optimization can reduce porosity in aluminum pressure die casting.
Thus, ANOVA helped identify which factors needed further control.

The RSM was used for mold temperature control because the mold temperature was
affected by the cycle time and pouring temperature. Myers et al. [56] show that the RSM
can model input-response relationships and define practical operating regions. One-way
ANOVA was used to standardize the filling speed because it directly compares mean
responses across factor levels [20]. SPC was used to sustain the improved settings. Does
et al. [57] describe SPC as a practical method for routine process monitoring. Woodall [58]
notes that control charts help distinguish normal variation from abnormal variation. This
combination matched the SME context because it converted statistical results into SOP
updates, parameter standards and routine control without expensive digital investment.

3.4. Data Collection and Analysis

The empirical data were collected during a 10-month longitudinal investigation from
December 2022 to September 2023. The dataset included production logs, machine parame-
ter settings, defect inspection records and energy consumption reports captured directly
from the shop floor. During the 10-month study period, the project team reviewed produc-
tion records to identify possible confounding changes. No major equipment replacement,
die redesign, material specification change or customer specification change occurred
during the baseline and validation periods. Routine maintenance activities followed the
company’s regular maintenance schedule. Seasonal temperature variation was recognized
as a potential background factor; however, the key validation comparison was based on pro-
cess parameters and final inspection outcomes under the updated control rules. Therefore,
while seasonal and operational noise cannot be completely eliminated in a real production
case study, no major concurrent process improvement project was identified that could
independently explain the observed reduction in shrinkage-related scrap. All statistical
analyses, including sigma-level conversion, attribute-based capability summaries, ANOVA
and RSM modeling, were conducted using Minitab 19%.

A key methodological decision was to use intermediate defect response measures dur-
ing parameter analysis rather than relying only on final pass/fail inspection results. In the
factorial screening experiment, shrinkage-related indications were measured as counts/cm?
to improve sensitivity in identifying significant process variables. The inspection area was
fixed at 10 cm?; thus, each defect indication represented 0.1 counts/cm?. Repeatability
tests on representative samples showed that the difference between repeated counts was
within two defect indications, corresponding to an estimated measurement uncertainty of
+0.2 counts/cm?. The final validation stage translated these parameter control improve-
ments into shop-floor outcomes, including the shrinkage defect rate as the primary CTQ
indicator and the overall scrap rate as the aggregate production performance indicator.
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The statistical analysis followed a sequential logic. First, factorial ANOVA was con-
ducted within the company’s historical stable filling-speed window of 300-500 mm/s
for low-risk factor screening rather than final optimization. The screening experiment
used a 2* full factorial design with four two-level factors, corresponding to 16 factorial
runs, plus two center points for checking curvature and estimating error near the center
of the operating region. Thus, 18 experimental runs were conducted in total. Consistent
with recent manufacturing optimization frameworks [59], full replication at every factorial
point was excluded. In routine SME environments, executing additional experimental
runs inherently exacerbates material waste, monopolizes critical machine time, and risks
unacceptable production disruptions [60].

The ANOVA error term was obtained from the residual variation after fitting the
specified main effects and two-way interaction terms. Because the factorial points were not
fully replicated, this residual error mainly reflected unmodeled higher-order effects, lack-of-
fit variation and information from the center points. Therefore, the factorial ANOVA results
were interpreted as screening evidence for identifying influential factors and interactions.
After the filling speed was confirmed as significant and process engineers verified machine
capability, mold safety and production feasibility, a follow-up one-way ANOVA compared
four expanded production-feasible settings: 700, 800, 900 and 1000 mm/s. In parallel, the
RSM was applied to model the mold temperature as a function of the production cycle time
and pouring temperature, thereby establishing a controllable thermal operating map. In
this study, the filling speed refers to the machine-set plunger filling speed rather than the
gate velocity, and all values are reported in mm/s.

3.5. Carbon Accounting Protocol

To quantify the environmental co-benefits of process control improvement, this study
establishes a carbon accounting protocol aligned with the Greenhouse Gas (GHG) Protocol.
The environmental impact is categorized under Scope 2 emissions (purchased electric-
ity), with carbon footprint reduction calculated by translating the electrical energy saved
through defect elimination (AE_saved) into equivalent emissions using the 2025 Chinese
national grid emission factor of 0.5366 kg CO,/kWh. This Scope 2 abatement represents a
conservative baseline, as reduced scrap also decreases “melt loss” (4-5% aluminum lost to
oxidation per re-melting cycle).

Scope 1 emissions were excluded because fuel consumption data for the specific
re-melting process were unavailable. Using plant-level fuel data would have required
allocation and could have increased uncertainty [61]. Scope 3 emissions were also excluded
because upstream aluminum production, alloy procurement, and transport activities were
beyond the company’s control boundary. In addition, supplier-specific primary data were
not available for verification [62]. Therefore, this study only reports avoided Scope 2
emissions as a conservative and auditable estimate. Potential Scope 3 benefits from reduced
oxidation loss and aluminum procurement are discussed qualitatively but not included in
the carbon-saving calculation.

4. Case Study Implementation
4.1. Define and Measure Phase

The project focused on the die-casting process of ADC12 aluminum rear forks. The
baseline overall scrap rate was 7.60%, based on three months of historical production data.
Pareto analysis (Figure 4) used initial non-conformity records collected at the shop-floor
inspection station. Shrinkage-related indications accounted for 26.8% of all detected defect
indications. This result reflects the initial defect distribution and is different from the final
scrap statistics. After secondary inspection, some non-shrinkage defects could be reworked
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or accepted, while shrinkage defects were generally irreversible and entered the internal
re-melting loop. Therefore, the baseline shrinkage defect rate of 7.19% represented approx-
imately 94.6% of the final scrap rate (7.60%). Each shrinkage-related rejection required
additional re-melting, which increased the furnace energy consumption and reduced the
production capacity. The measurement system analysis confirmed acceptable inspection
consistency, with both within-inspector agreement and inspector-to-standard agreement
exceeding 85%. The project aimed to reduce the shrinkage defect rate below 2.00%, while
the overall scrap rate was used as a final validation indicator. The manufacturing work-
flow was further mapped using the Energy—Scrap Loop framework (Figure 5), showing
that shrinkage defects during die filling and solidification caused repeated re-melting,
additional energy use, and avoidable production losses.

300
- 100%
2 - ~_~
50 9
<
- 80% £
E 200 4 -g
= =
F 60%
S 1504 °E
134 -
£ =
- 0, =
S g "2
. cos® £
50 1 270 ke [ &
195 ki 180 k 180 k 165 k; 195 ki
CO: co’ 'Cof 'Cof 'Cof cotf
0= - 0%
Shrinkage Porosity ~ Misrun Bubble Others Pattern Cold  Deformation Others-1
shut
Defect Categories
Shrinkage | Porosity Misrun Bubble Others Pattern Cold shut [Deformation| Others-1
Count 76 71 58 18 13 12 12 11 13
Prop % 26.8 25.0 20.4 6.3 4.6 42 4.2 39 4.6
Cum % 26.8 51.8 722 78.5 83.1 873 91.5 95.4 100.0

Figure 4. Pareto analysis of rear fork scrap modes. (Integrating Quality Counts with Environmental
Carbon Waste). Note: Figure 4 is based on initial shop-floor inspection records, whereas Table 8
reports final irreversible scrap entering the re-melting loop. Carbon savings are calculated from
avoided Scope 2 electricity use.
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Figure 5. Manufacturing flow with Energy—Scrap Loop.
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4.2. Analyze Phase

An “Eco-Quality” Fishbone Diagram (Figure 6) was developed to systematically
decode root causes, stratifying potential factors into 5SM1E dimensions and explicitly
linking process variations to their operational and environmental consequences. A Function
Deployment Matrix (Table 2) was then used to quantitatively prioritize potential process
factors associated with shrinkage defects through cross-functional team scoring. The mold
temperature, casting shift, pouring temperature, and filling speed received the highest
priority scores and were therefore selected for subsequent statistical screening. Although the
filling speed ranked fourth in the expert-based deployment matrix, the subsequent factorial
experiment revealed it to be the strongest statistically significant factor affecting shrinkage,
illustrating the value of combining shop-floor expertise with designed experiments.

Table 2. Function Deployment Matrix for major casting defects.

Shrinkage Shrl:}(age Shrinkage Shrinkage
Potential Factors at Shock PiI\rrlot a:s]j:ctlt:;fl Score
Opening Absorber
Mount Hole Threads
Defect Severity
(Weight) 2 > ? 1 -
Mold Temperature 9 2 3 2 147
Casting Shift 5 3 3 3 145
Pouring 4 3 3 2 142
Temperature
Filling Speed 6 3 3 3 137
Filling Runner 6 2 3 2 131
Vent Distribution 2 3 4 5 120
Filling Pressure 5 2 3 2 119
Spray Time 2 2 3 3 114
Core Temperature 6 2 2 2 102
Spray Ratio 3 2 2 3 87
Cavity Cleanliness 2 3 1 1 58
Seasonal Weather 3 1 3 3 51
m Traditional Quality Factors
m Green / Energy / Carbon Factors
MAN MACHINE MATERIAL
Inconsistent pouring speed Inefficient Cs(;/(;ltier:ﬁ Impurity in A[;%](I)?
Lack of uurd;i‘\‘-l:ﬁllllr,i Agingci;‘]ie:éie(?s] High enll)ndie(‘l)'@ia':';l{)(?‘l:
Poor eco-efficienc Furnace thermal tdation in resmeltin
lruinini‘,.!, It"‘lll"\':l]g(‘ Oxidatior < ting Shrinka‘g&e Defects

v

Excessive Energy

Excessive furnace
idle time

Missing carbon metrics

Non-optimized

ack of energy sensors
thermal cycles Lack of energy sensors

& Carbon Waste

Inefficient ventilation

Waste heat recovery
deficiency

Icoret gt velosy -0 A
METHOD MEASUREMENT ENVIRONMENT

Figure 6. Eco-Quality Fishbone Diagram.

Based on these priority scores, four key parameters were selected for statistical screen-
ing: casting shift (A), pouring temperature (B), filling speed (C), and mold temperature (D).
A full factorial experiment was conducted using the shrinkage density (counts/cm?) as a
continuous response variable (Table 3). This response measure improved the sensitivity of
factor screening compared with conventional binary pass/fail classification. The two center
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points were included to provide an initial check for possible curvature in the response
surface and to obtain an estimate of the experimental error near the middle of the tested
operating range. They were not used to define the final operating condition but to assess
whether the response trend could be adequately represented by a first-order factorial model
within the initial screening region.

Table 3. Pouring-process full factorial experiment data table.

Standard Run Center Block Casting P;urlng lglllmg ,1;,/[ old Shrinkage
Order Order Point oc Shift emp pee emp (Counts/cm?)
O (mm/s) Q)
8 1 1 1 B 740 500 220 4
7 2 1 1 A 740 500 220 3
15 3 1 1 A 740 500 230 3
6 4 1 1 B 720 500 220 3
4 5 1 1 B 740 300 220 3
5 6 1 1 A 720 500 220 4
17 7 0 1 A 730 400 225 2
9 8 1 1 A 720 300 230 1
12 9 1 1 B 740 300 230 1
2 10 1 1 B 720 300 220 3
3 11 1 1 A 740 300 220 3
11 12 1 1 A 740 300 230 1
10 13 1 1 B 720 300 230 1
18 14 0 1 B 730 400 225 2
1 15 1 1 A 720 300 220 3
14 16 1 1 B 720 500 230 3
13 17 1 1 A 720 500 230 4
16 18 1 1 B 740 500 230 3

Note: The design included 16 factorial runs from four two-level factors and two center points,
resulting in 18 runs in total.

The full-model ANOVA results are reported in Table 4. The filling speed and mold
temperature were statistically significant factors affecting the shrinkage density (p < 0.05).
The speed x temperature interaction was also significant (p = 0.009), indicating that the
effect of the filling speed depended on the mold temperature condition.

The curvature term was significant in the full model (p = 0.048), indicating that a
linear model may not fully describe the relationship between the process parameters and
shrinkage density within the screening range. Therefore, the factorial experiment was used
for factor screening rather than final optimization. This finding guided the Improve phase,
where the RSM was applied for mold temperature control and one-way ANOVA was used
to determine the practical filling-speed setting.

Residual analysis was considered during the ANOVA evaluation to examine the
fundamental assumptions of normality, independence, and constant variance. No obvious
violation of these assumptions was observed, indicating that the ANOVA model was
statistically appropriate for factor screening. Since several non-significant interaction terms
were identified in the full model (Table 4), a simplified ANOVA model was subsequently
developed by retaining the main effects and the statistically significant filling speed x mold
temperature interaction. The results of the simplified model are presented in Table 5.
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Table 4. Analysis-of-variance table for casting-process parameters (full model).

Source DF AdjSS AdjMS F-Value p-Value
Model 10 16.6181  1.66181 7.01 0.008
Linear 4 12.7431  3.18576 13.44 0.002
Casting Shift 1 0.0556 0.05556 0.23 0.643
Pouring Temp 1 0.0625 0.06250 0.26 0.623
Filling Speed 1 7.5625 7.56250 31.90 0.001
Mold Temp 1 5.0625 5.06250 21.35 0.002
2-Way Interactions 6 3.8750 0.64583 2.72 0.108
Shift*Pouring Temp 1 0.5625 0.56250 2.37 0.167
Shift*Filling Speed 1 0.0625 0.06250 0.26 0.623
Shift*Mold Temp 1 0.0625 0.06250 0.26 0.623
Pouring Temp*Filling Speed 1 0.0625 0.06250 0.26 0.623
Pouring Temp*Mold Temp 1 0.0625 0.06250 0.26 0.623
Filling Speed*Mold Temp 1 3.0625 3.06250 12.92 0.009
Error 7 1.6597 0.23710
Curvature 1 0.8403 0.84028 6.15 0.048
Lack of Fit 6 0.8194 0.13657
Total 17 18.2778

Table 5. ANOVA for shrinkage defects (simplified model).

Source DF Adj SS Adj MS F-Value p-Value
Model 5 15.8056 3.16111 15.34 <0.001
Linear 4 12.7431 3.18576 15.46 <0.001
Casting Shift 1 0.0556 0.05556 0.27 0.613
Pouring Temp 1 0.0625 0.06250 0.30 0.592
Filling Speed 1 7.5625 7.56250 36.71 <0.001
Mold Temp 1 5.0625 5.06250 24.57 <0.001
Interaction 1 3.0625 3.06250 14.87 0.002
Speed*Temp 1 3.0625 3.06250 14.87 0.002
Error 12 2.4722 0.20602
Curvature 1 0.8403 0.84028 5.66 0.037
Lack of Fit 11 1.6319 0.14836
Total 17 18.2778

The simplified model confirmed the significant effects of the filling speed, mold
temperature and their interaction. The curvature term remained significant in the simplified
model (p = 0.037), further indicating that the reduced factorial model should not be used
for direct extrapolation or final parameter optimization. Instead, it was used to identify
influential factors and interactions that required further investigation in the Improve phase.

These statistical findings were visually supported by the Pareto chart of standardized
effects (Figure 7) and the main-effects plot (Figure 8). Figure 8 illustrates the direction
and relative magnitude of the main effects of the four screened process parameters on the
shrinkage density. The relatively flat lines for the casting shift and pouring temperature
indicate limited main effects within the tested range. In contrast, the filling speed and
mold temperature show steeper response slopes, suggesting that changes in these two
parameters have stronger effects on shrinkage density. This graphical pattern is consistent
with the ANOVA results reported in Tables 4 and 5.

Figure 9 shows that the effect of the filling speed on the shrinkage density depended
on the mold temperature. When the filling speed increased from 300 to 500 mm/s, the mean
shrinkage density increased only slightly under the 220 °C mold temperature condition.
Under the 230 °C condition, however, the shrinkage density increased more sharply. This
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interaction indicates that the filling speed and mold temperature should not be managed
as isolated process settings.

Term

Pareto Chart of Standardized Effects

(Response: Number of Shrinkage Defects)
Significance Threshold
1 (@=0.051t=2.365)

1
]
1
B J 1
- |
BC A i
'
AC A i
1
4 ! Factor Description:
BD : H A: Casting shift
i ] B: Pouring temperature
AD :I 0 C: Filling speed
D: Mold temperature
At ;
0 1 2 3 4 5 6

Standardized Effect

Figure 7. Pareto chart of factor effects in casting process.

Mean Number of Shrinkage Defects

Casting Team (A) Pouring Temp (B) Filling Speed (C) Mold Temp (D)

3.5 4
3.0 1
2.68 2.69
. -_ = _._\—.— -—— - —.-\. Grand Mean = 2.63
’ 2.58
2.0
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Figure 8. Main-effects plot for screened casting parameters affecting shrinkage density. Note: Error
bars represent standard deviation (simulated). Steeper slopes in factors (C) and (D) indicate significant
main effects.
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Figure 9. Interaction effect of filling speed and mold temperature on shrinkage density.

These findings provided the statistical basis for the Improve phase. Because the mold

temperature is affected by upstream thermal-control parameters during routine production,
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the RSM was used to model and control the mold temperature through the production cycle
time and pouring temperature. The filling speed was then further investigated through
one-way ANOVA to determine a feasible low-defect setting. Together, these analyses
supported the development of executable shop-floor control rules for mold temperature
control and filling-speed standardization.

4.3. Improve Phase

The initial factorial screening experiment was conducted within the historical operating
range of 300-500 mm/s because this interval had been validated as a stable production
window with acceptable mold impact and flash risk. The purpose of this stage was factor
screening rather than final optimization. The results showed that the filling speed was the
most significant factor affecting shrinkage-related defects (F = 31.90, p < 0.001), suggesting
that the historical range might not represent the optimal condition. Previous studies have
reported that filling speed strongly influences melt flow behavior, gas entrapment and defect
formation in high-pressure die casting, and excessive filling speed may deteriorate casting
quality due to unstable flow and increased porosity [63,64]. Therefore, after confirming
machine capability and mold safety, the filling-speed range was expanded to 700-1000 mm/s
for further investigation.

A follow-up one-way ANOVA was conducted at four filling speeds (700, 800, 900
and 1000 mm/s) with ten repeated observations at each level, and the average shrinkage
defect counts were 3.900, 1.500, 1.600 and 4.900, respectively. The defect count decreased
by 61.5% when the speed increased from 700 to 800 mm/s but increased significantly at
1000 mm/s, indicating that higher filling speed does not continuously improve casting
quality. Therefore, 800 mm /s was selected as the standard filling-speed setting because it
achieved the lowest defect level while maintaining a sufficient production safety margin.

The Improve phase translated the statistical evidence from the Analyze phase into
executable process control rules. The RSM was used to develop a mold temperature
control map based on the production cycle time and pouring temperature, while one-way
ANOVA was used to select a feasible filling-speed standard. The purpose was not to
identify a unique mathematical optimum but to define a practical operating window and
standardized parameter settings that could be maintained under routine SME shop-floor
conditions. Based on the screening results, the filling speed and mold temperature were
treated as the two key process variables associated with shrinkage-related casting defects.
Therefore, the project adopted a layered parameter control strategy in which the mold
temperature was managed through an RSM-based thermal-control map, while the filling
speed was standardized through a follow-up one-way ANOVA.

The mold temperature was regarded as a critical thermal condition for die-casting
stability. Although it was identified as a significant defect-driving variable in the factorial
screening experiment, it is not fully independent during routine production. In practice,
the mold temperature is influenced by upstream operating conditions, particularly the pro-
duction cycle time and pouring temperature. A two-factor RSM experiment was therefore
conducted using the production cycle time and pouring temperature as input factors, with
the mold temperature as the response variable.

Based on the simplified RSM model, the fitted regression equation for the mold
temperature in actual units was:

A~

Tord = 825.1 —1.391CT — 0.5500PT 1)
where T,y is the predicted mold temperature, CT is the production cycle time in seconds,

and PT is the pouring temperature in °C. The interaction term CT x PT was excluded
from the final model because it was not statistically significant, as shown in Table 6. This
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regression equation was used to generate the mold temperature control map shown in
Figure 10.

Table 6. ANOVA results for RSM-based mold temperature control model.

Model Type Source DF Adj SS Adj MS F-Value p-Value
Model 3 449.399 149.800 46.64 0.000
Linear 2 448.399 224.199 69.80 0.000
Cycle Time 1 327.399 327.399 101.93 0.000
Pouring Temperature 1 121.000 121.000 37.67 0.000
2-Way Interaction 1 1.000 1.000 0.31 0.590
Cycle Time*Pouring 1 1.000 1.000 031 0.590
Temperature

Error 9 28.909 3.212
Curvature 1 5.195 5.195 1.75 0.222
Lack of Fit 1 0.514 0.514 0.16 0.705

Pure Error 7 23.200 3.314

Total 12 478.308
Simplified Model Source DF Adj SS Adj MS F-Value p-Value

Model 2 448.399 224.199 74.96 0.000
Linear 2 448.399 224.199 74.96 0.000
Cycle Time 1 327.399 327.399 109.46 0.000
Pouring Temperature 1 121.000 121.000 40.46 0.000

Error 10 29.909 2.991
Curvature 1 5.195 5.195 1.89 0.202
Lack of Fit 2 1.514 0.757 0.23 0.801

Pure Error 7 23.200 3.314

Total 12 478.308
Model Summary Model Type S R-sq R-sq(adj)  R-sq(pred)
Full Model 1.79224 93.96% 91.94% 79.09%
Simplified Model 1.72942 93.75% 92.50% 89.20%

Note: The RSM response variable is the mold temperature. The non-significant interaction and
curvature terms support the use of the simplified linear model as a practical mold temperature
control map for shop-floor implementation. The predicted R was calculated using the PRESS statistic

according to R%We g =1- £ Isstfs, where SST is the total sum of squares. For the simplified model,

the PRESS was 51.66 and the SST was 478.31, giving R2 4 = 89.20%. Given the limited number

pre

of observations, the predicted R? value was interpreted cautiously and considered together with
ANOVA significance, lack-of-fit testing, and practical process validation rather than being used as
the sole criterion for model adequacy.

The ANOVA results in Table 6 indicate that the production cycle time and pouring
temperature had statistically significant linear effects on the mold temperature. By contrast,
the interaction and curvature terms were not significant at the 5% level. The simplified
linear model was therefore retained as a parsimonious and operationally useful representa-
tion of mold temperature control. The model summary also showed strong explanatory
power, with an adjusted R? of 92.50%. The predicted R? was 89.20%, calculated from a
PRESS value of 51.66. However, because the RSM experiment involved a limited number
of observations, the predicted R? was interpreted cautiously and used as supplementary
evidence together with the non-significant lack-of-fit result and engineering feasibility.

The purpose of the RSM analysis was not to claim a nonlinear optimum for defect
minimization. Instead, it translated thermal process behavior into a practical control map
that operators could use to maintain the mold temperature within the desired operat-
ing range. Figure 10 presents the resulting contour plot, which visualizes the predicted
mold temperature under different combinations of production cycle times and pouring
temperatures. This map provided a practical basis for routine thermal-process control.
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Figure 10. A contour plot of the predicted mold temperature as a function of the production cycle
time and pouring temperature. Note: The plot shows the RSM-based mold temperature control map.
The mold temperature is the response variable; the production cycle time and pouring temperature
are the input factors.

After the screening experiment confirmed the significance of the filling speed, this
parameter was further examined as a directly adjustable production setting. The initial
300-500 mm /s range represented the firm’s historical stable operating window and was
used for low-risk factor screening. Because the screening model showed a significant
filling-speed effect and curvature, the project team extended the test range after process
engineers confirmed machine capability and mold safety. A follow-up production-scale
one-way ANOVA was then conducted at 700, 800, 900 and 1000 mm/s. For each filling-
speed level, ten repeated observations were collected under the same mold temperature
control condition, resulting in 40 observations in total. Each observation corresponded
to the shrinkage-related defect count measured within a predefined inspection area on
the casting surface. The repeated observations were used to estimate the within-group
variation and support the one-way ANOVA comparison among the four filling-speed levels.
The response variable was the shrinkage-related defect count per inspection area. The
one-way ANOVA showed that the filling speed had a statistically significant effect on the
shrinkage-related defect occurrence (F = 13.16, p < 0.001), confirming that the filling speed
required formal standardization in the Control phase.

The mean comparison showed a non-monotonic pattern across the tested filling-speed
levels. The observed mean shrinkage-related defect counts were 3.900 at 700 mm/s, 1.500
at 800 mm/s, 1.600 at 900 mm /s and 4.900 at 1000 mm/s. This pattern suggests that both
insufficient and excessive filling speeds may increase shrinkage-related defects. Although
900 mm/s produced a similar mean response, 800 mm /s was selected because it had the
lowest observed defect count and provided a more conservative operating condition for
routine production.

The final improvement scheme combined mold temperature control with filling-
speed standardization. The mold temperature was controlled through the RSM-derived
production cycle time and pouring-temperature control map, while the filling speed was
standardized at 800 mm/s. These settings were implemented as feasible shop-floor control
rules rather than as a unique mathematical optimum. This approach was suitable for the
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SME context because it relied on operator discipline, SOP updates and routine parameter
monitoring rather than additional capital investment.

After implementation, SOPs were updated to include the mold temperature control map,
the standardized filling-speed setting of 800 mm /s, and the associated process-monitoring
requirements. Subsequent validation based on the company’s final inspection criteria showed
that the shrinkage defect rate decreased to 1.46% and the overall scrap rate decreased to 2.71%,
supporting the practical effectiveness of the improved process control rules.

4.4. Control Phase and Performance Validation

Following the implementation of the RSM-derived mold temperature control map
and the standardized filling-speed setting of 800 mm/s, the improved process control
rules were validated using the company’s routine final inspection criteria. Because this
study used a pre—post case design without a parallel control group, potential operator-
awareness effects were considered during validation. Similar industrial improvement
studies have used routine production conditions, standardized procedures, and operational
controls to strengthen the reliability of before-after evaluations [53,65]. The validation
batches were therefore produced under normal production conditions rather than under a
specially announced trial. The same operators, inspection criteria, machines and reporting
systems were maintained before and after improvement. In addition, the improvement was
institutionalized through parameter settings, SOP updates and SPC monitoring, consistent
with recent Six Sigma manufacturing applications [66,67]. Although a Hawthorne effect
cannot be completely excluded, these measures reduced its potential influence on the
validation results. This validation step was necessary because the statistical analyses in the
Improve phase established controllable process settings, whereas production performance
and financial benefits ultimately depend on the final binary rejection outcome.

A confirmatory production run was conducted across six validation batches, with
80 units inspected in each batch. The P-control chart in Figure 11 provides preliminary
evidence of post-improvement process stability, with the scrap rate remaining within the
calculated control limits during the initial validation period. Given the attribute nature of
the defect data, shrinkage improvement was evaluated using defect rates and sigma-level
conversion rather than conventional continuous-variable capability indices. The sigma
levels reported in this study are short-term sigma values converted from observed defect
or scrap rates using the conventional 1.50 shift assumption. The benchmark sigma level
was calculated as follows:

Zpench = @71(1 - P) )

where p is the observed defect or scrap rate and ®~! is the inverse cumulative distribu-
tion function of the standard normal distribution. The short-term sigma level was then
calculated as follows:

Zst = Zpench +1.5 @3)

For example, the baseline overall scrap rate of 7.60% gives:
Zs = ®71(0.924) +1.5 = 2.93 (4)
while the improved overall scrap rate of 2.71% gives:
Zs = ®1(0.9729) + 1.5 = 3.42 (5)

Using the same conversion method, the shrinkage defect rate-based sigma level
increased from 2.96 at the baseline shrinkage defect rate of 7.19% to 3.68 at the improved
shrinkage defect rate of 1.46%. The shrinkage defect rate was used as the primary CTQ
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outcome, while the overall scrap rate was monitored as an aggregate validation indicator
that also captured non-target defects. Detailed defect statistics from the validation batches
are reported in Table 7. Figure 12 summarizes the reduction in the overall scrap rate and the
corresponding improvement in the short-term sigma level before and after implementation.

Ratio

0.06 1

0.04 1

0.00

P-chart for Casting Reject Count

------------------------------------------ UCL=0.07311

®.
\025 0.025 0.025

= p=0.02292
NOIZ 0.012
@ m—

Figure 11. The P-control chart for the overall casting scrap rate after improvement. Note: All sample
proportions are within the control limits (LCL, UCL), indicating that the process is in statistical control.

Table 7. Validation results after shrinkage-focused improvement.

Category Batch1l Batch2  Batch3  Batch4  Batch5  Batch 6 Total
Shrinkage Defect Count 2 2 1 1 1 0 7
Shrinkage Defect Rate 2.5% 2.5% 1.25% 1.25% 1.25% 0% 1.46%
Other Non-Target Defect Count 2 1 1 1 0 1 6
Other Non-Target Defect Rate 2.5% 1.25% 1.25% 1.25% 0% 1.25% 1.25%
Total Reject Count 4 3 2 2 1 1 13
Overall Scrap Rate 5.0% 3.75% 2.5% 2.5% 1.25% 1.25% 2.71%

Note: Data were collected over six production validation batches, with 80 units inspected per batch.
The shrinkage defect rate was used as the primary CTQ outcome, while the overall scrap rate was
retained as an aggregate validation indicator.

Overall scrap rate (%)

(a) Overall scrap-rate reduction

(b) Sigma-level improvement

7.60%

4.0 4

3.42

3.5 1
2.93
3.0 1
2.5 1
2.0 1

2.71% 1.5 1

Short-term sigma level

1.0 1

0.5 1

T
Baseline

0.0 T
Post-improvement Baseline Post-improvement

Figure 12. The defect rate and sigma-level summary for the rear fork scrap performance before and
after improvement. Note: The sigma levels are short-term sigma values converted from overall scrap
rates using the conventional 1.50 shift.

The comprehensive project results are consolidated in Table 8, which integrates quality,

environmental and economic performance indicators. The overall sigma level increased
from 2.93 to 3.42, while the overall scrap rate decreased from 7.60% to 2.71%. This reduction
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prevented approximately 7335 kg of aluminum from entering the internal re-melting loop
annually, corresponding to 4401 kWh of avoided re-melting electricity and 2362 kg CO,e of
avoided Scope 2 emissions. Figure 13 visualizes the Scope 2 carbon footprint associated
with the internal re-melting loop, which decreased from 3670 kg COye to 1309 kg COse. To
institutionalize the improvement, SOPs were updated to include mold temperature control
through the production cycle time and pouring temperature, filling-speed standardization
at 800 mm/s, and SPC-based monitoring for ongoing process control.

= Baseline
=z 8000 1 (Measure) Decarbonization Path:
=2 1. Defects drop (Move Right)
Q 7000 - 2. Energy falls (Move Down)
5 O 3. Carbon shrinks (Bubble Size)
LE \\\
6000 S~ Initial Tuning
g 3670 kg COze S~ae (Analyze)
© S~a
£ 5000 A S
&5 O = RSM(IOptimiz)atiun
oo . ~— mprove

E 4000 Bubble Size: Carbon Footprint \.\\\ Final State
z 2575 kg CO:e > (Control)
= 3000 1 O 1000 kg COe (@) -
5
S 2000 Q 2500 kg COse 1717 kg COse
5
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g 1000 O 4000 kg COz¢
5]
3

0 T T T T T T T

8 7 6 5 4 3 2

Quality Indicator: Defect Rate (%)

Figure 13. Process control impact: annual carbon footprint of quality (CFQ) reduction.

Table 8. Comprehensive project improvement comparison (quality and environmental metrics).

Performance Metric Before Improvement Project After Improvement Status & Environmental
Category (Baseline) Target (Actual) Impact
CTQ: Quality Shrinkage defect rate (%) 7.19% <2.00% 1.46% Goal achieved
Performance
Sigma level converted Process capabilit
from shrinkage defect 2.96 >3.40 3.68 ; p Y
improved
rate
Aggregate production o o o L .
7.60% <3.00% 2.71% Significant reduction
performance
Overall sigma level 2.93 >332 3.42 Process stabilized
converted from scrap rate
CTE: Environmental ~ Annual aluml.num scrap ~11,400 ) 4065 Saved 7335 kg of Al
Performance for re-melting (kg)
Annual energy waste in Avoided 4401 kWh
re-melting (kWh) ~6840 ) ~2439 energy loss
Carbgn footprint of 3670 ) 1309 Reduced ?36.2 kg COye
quality (kg COse) emissions
Financial & Gross annualized savings . Before implementation
Eco-Efficiency (RMB/USD) Baseline ) 249,214 (35,783) costs
One-time GLSS Engineering, trials
implementation cost - - 31,445 (4515) trainh% o n%émitori'n
(RMB/USD) & &
First-year net saving } ) 217,769 (31,268) Gross savings minus

(RMB/USD) implementation cost

Note: The improved results were obtained after implementing the RSM-based mold temperature con-
trol map and the 800 mm/s filling-speed setting. The defect and scrap rates refer to final irreversible
rejects, whereas Figure 4 reports initial non-conformity indications.
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5. Economic Benefit Analysis

The economic impact of the project shows how process stability can be translated into
measurable production and financial benefits. With the overall scrap rate decreasing from
7.60% to 2.71%, the facility generated a 4.89 percentage-point yield-equivalent capacity
gain. Based on an annual gross production volume of 200,000 units, this corresponds to
9780 avoided defective units, or approximately 7335 kg of aluminum, that no longer entered
the internal re-melting loop. This should be interpreted as equivalent production capacity
recovered from avoided defective output rather than as a directly observed increase in
market shipments.

The annualized savings were calculated from three sources. The first source was
avoided re-melting electricity. Eliminating the re-melting of 7335 kg of aluminum saved
4401 kWh of electricity annually, equivalent to RMB 3677 (The equivalent RMB values
were calculated using the central parity rate of 1 USD = 6.9646 RMB announced by the
People’s Bank of China on 30 December 2022. This date was selected as a contempo-
raneous exchange-rate reference at the beginning of the study period, which extended
from December 2022 to September 2023. A 2025 or 2026 exchange rate was not used be-
cause it would retrospectively revalue the historical cost and savings estimates. Available
at: http://m.ce.cn/bwzg/202212/30/t20221230_38318068.shtml (accessed on 17 August
2026).) (USD 528) at an electricity price of USD 0.12 per kWh [68]. The second source
was avoided material loss. During the re-melting process, approximately 5% of the alu-
minum mass is irreversibly lost to oxidation (melt loss). By preventing 7335 kg of scrap
from entering the internal re-melting loop, the project preserved approximately 366 kg
of aluminum alloy (calculated as 7335 kg x 0.05). The baseline material cost was estab-
lished at USD 2.80 per kg, reflecting the average actual procurement price of ADC12
aluminum ingots provided by the participating SME’s purchasing department during the
2023 baseline period. Therefore, this preservation translates to an explicit calculation of
366 kg x USD 2.80/kg, yielding RMB 7139 (USD 1025) in direct material savings. The third
and largest source was avoided conversion loss associated with defective output. Following
the (COPQ) framework [4], the estimated avoidable conversion cost was calculated at USD
3.50 per defective unit. This figure represents a fully loaded cost derived from selecting
and aggregating specific production data: direct labor handling, machine depreciation,
consumables, inspection effort, and related production overhead consumed by defective
output. With this fully loaded estimate, the reduction of 9780 defective units generated
RMB 238,398 (USD 34,230) in annual savings.

The total annualized COPQ saving was therefore RMB 249,214 (USD 35,783). This
value represents the gross annualized savings before deducting the GLSS implementation
cost. The one-time project implementation cost was estimated at RMB 31,445 (USD 4515),
including engineering labor, GLSS training, experimental machine downtime, trial material
consumption, thermal measurement hardware, SOP revision and SPC-related training.
After deducting this one-time cost, the first-year net saving was RMB 217,769 (USD 31,268).
The benefit-cost ratio was approximately 7.9:1, calculated as USD 35,783 divided by USD
4515. To ensure transparency and demonstrate the resource-efficient nature of this SME
intervention, the exact estimated implementation cost of RMB 31,445 (USD 4515) is detailed
in Table 9. This cost avoids expensive digital infrastructure and instead reflects the actual
engineering effort, machine downtime required for the 71 designed experimental runs
(factorial, RSM, and one-way ANOVA), and basic thermal sensing tools needed to establish
the process control map.
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Table 9. Breakdown of one-time GLSS implementation costs.

Implementation Activity Description & Pricing Reference Estimated Cost (RMB/USD)

Engineering Labor & GLSS

50 h for cross-functional team training and data
collection (estimated at a standard SME 8706 (1250)

Training engineering rate of USD 25/hr)
24 h of scheduled machine time on a 400-ton
Experimental Machine Downtime die-casting machine (at USD 85/hr) plus 16,854 (2420)
& Material experimental material scrap for 71 total !
validation runs
Industrial infrared thermometer and surface
thermocouples required for RSM mold
Thermal Measurement Hardware temperature data collection (based on standard 2055 (295)
industrial catalogs)
SPC & SOP Standardization ~ Ceneration of updated SOP documents, SPC 3830 (550)
visual control boards, and inspector training
Total One-Time GLSS 31,445 (4515)

Implementation Cost

The avoidable conversion-cost component accounted for most of the financial benefit,
highlighting an important production planning implication: in this case, the dominant
economic penalty of poor quality was not direct material or energy loss alone but the
productive capacity consumed by defective output. This finding reinforces the argument
that accessible statistical process control methods can provide a high-leverage improvement
pathway for resource-constrained SMEs by converting process stability into recovered
capacity, lower operating losses and improved planning reliability.

6. Discussion

The following discussion is grounded in the empirical results of this single-case study
rather than intended as a general claim for all SME die-casting operations. The observed
improvements were a reduction in the overall scrap rate from 7.60% to 2.71%, a decrease
in the shrinkage defect rate from 7.19% to 1.46%, an avoided re-melting electricity use
of 4401 kWh, and gross annualized savings of RMB 249,214 (USD 35,783). These results
are interpreted within the specific boundary conditions of ADC12 aluminum rear fork
production, 400-ton HPDC equipment and an internal re-melting loop. Therefore, the
discussion focuses on how the observed process control changes contributed to quality,
capacity and Scope 2 carbon outcomes in this case.

6.1. Process Control as a Multi-Dimensional Value Driver

The case results suggest that process capability improvement in aluminum die casting
may have implications beyond conventional quality performance. By reducing the overall
scrap rate from 7.60% to 2.71% and increasing the sigma level from 2.93 to 3.42, the
intervention generated a 4.89 percentage-point yield-equivalent capacity gain. Ruben
et al. [14] demonstrate that LSS can generate environmental benefits when combined with
environmental assessment, while Rathi et al. [19] emphasize the sustainability orientation
of GLSS, and Francescatto et al. [16] focus on operational improvement outcomes. Building
on these studies, the present case links shrinkage reduction, effective capacity recovery
and carbon reduction within a single production control mechanism. In this case, the same
process control intervention was associated with improved quality performance, recovered
yield-equivalent capacity and reduced avoidable Scope 2 emissions. Therefore, the results
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suggest a case-specific “triple dividend” mechanism rather than prove a universal effect
across all die-casting SMEs.

From a production planning and control perspective, the capacity effect is particularly
important. Defective parts consume machine time, labor handling, inspection effort and
downstream reprocessing resources. Feiring et al. [4] show that cost-of-poor-quality models
capture these hidden operational losses, while Hopp and Spearman [69] explain how
variability and flow disruptions reduce production system performance. Such disruptions
also weaken production planning reliability when information accuracy and uncertainty
are not properly managed [3]. The observed capacity gain should therefore be interpreted
not simply as a quality improvement result but as recovered production potential that
had previously been hidden within the COPQ structure. This finding aligns with the
interpretation that process capability and production planning performance are closely
linked, especially in operations where scrap rates are high and rework loops are energy-
intensive [20].

The environmental results further indicate that quality defects carried a measurable
carbon burden in this case. Avoiding 7335 kg of aluminum scrap from the internal re-
melting loop saved 4401 kWh of electricity and reduced Scope 2 emissions by 2362 kg COze.
This result supports the concept of the carbon footprint of quality: when rejected castings
return to energy-intensive melting or re-melting operations, defects may generate not only
financial waste but also redundant energy use and avoidable emissions [1,2,70]. Consistent
with the Lean-and-Green literature, the case suggests that environmental performance
may be improved through operational stabilization rather than only through end-of-pipe
environmental technologies or large-scale energy-efficiency investments [29,32].

6.2. Statistical Rigor as a Resource-Efficient Alternative to Trial and Error

The results also illustrate how accessible statistical methods complemented experience-
based improvement in this SME manufacturing environment. The factorial ANOVA iden-
tified the filling speed and mold temperature as significant drivers of shrinkage-related
defects in this case, while the interaction between these variables indicated that they should
not be managed independently. This finding is in line with statistical quality-control the-
ory, which emphasizes the importance of identifying significant factors and interactions
before standardizing control settings [20,58]. It also aligns with prior casting studies that
have reported the usefulness of ANOVA and experimental design for process parameter
analysis [38,71].

This mechanism is especially relevant for resource-constrained SMEs. While Indus-
try 4.0/5.0 technologies offer potential for real-time monitoring and predictive control,
they often require data infrastructure, integration capability and specialist expertise that
resource-constrained firms may lack [23,35]. The case is consistent with a “knowledge
before capital” pathway, in which an SME can first improve its process stability and capac-
ity utilization through disciplined statistical learning before considering more advanced
digital systems. The benefit—cost ratio of approximately 7.9:1 indicates the practical value
of this pathway in the studied case, especially because most savings came from avoided
conversion losses rather than direct energy savings alone.

6.3. Organizational Capability Development Through DMAIC

Beyond technical optimization, DMAIC also functions as an organizational learning
mechanism. In SMEs, Six Sigma implementation often depends on visible leadership
support, cross-functional participation and the ability to formalize improvement rou-
tines. Leadership commitment has been identified as a key success factor for Six Sigma
projects [45], while SME implementation is frequently constrained by limited resources and
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weak procedural formalization [46]. In this case, these challenges were partly addressed
through a cross-functional team involving managers, engineers, inspectors and operators,
which helped translate shop-floor problems into measurable variables and standardized
actions. The project also helped convert tacit operational knowledge into explicit routines.
This finding is consistent with Nonaka’s [48] view that organizational learning involves
transforming experience-based knowledge into codified organizational knowledge. Here,
operators’ practical experience was formalized into the mold temperature control map,
the 800 mm/s filling-speed standard and SPC-based monitoring requirements. In this
study, operational absorptive capacity was not measured as an independent quantitative
construct. Instead, it was evaluated through process-level evidence. This included the
team’s ability to identify critical variables from shop-floor data, convert ANOVA and RSM
results into SOP revisions, train operators on new control rules, and maintain improved set-
tings through SPC monitoring. Therefore, this term represents an observed organizational
learning capability rather than a directly measured latent variable [49]. This is consistent
with the argument that Six Sigma projects improve absorptive capacity when teams can
convert data analysis into operational control actions [47].

This capability appeared particularly useful in the studied die-casting process, where
product quality was sensitive to thermal and process variation. Prior HPDC research has
emphasized the importance of thermal-process control for casting quality [72], and die
temperature behavior has been shown to affect casting stability and defect formation [42].
Therefore, the project did not merely reduce shrinkage defects; it also improved the SME’s
ability to learn from data, codify process knowledge and sustain improvements through
standardized routines.

6.4. Process Stability as a Prerequisite for Digitalization

The findings also clarify the relationship between GLSS and digital transformation.
GLSS should not be viewed as an alternative to Industry 4.0 but as a foundation for
it. Lean and Industry 4.0 are often considered complementary because Lean provides
process discipline and standardization while digital technologies improve visibility and
responsiveness [73]. Empirical evidence also suggests that Industry 4.0 benefits are stronger
when firms already have mature Lean practices [36]. In this case, GLSS created this
foundation by identifying key variables, defining operating windows and institutionalizing
SPC monitoring.

This sequence matters because digital tools may not fully compensate for unstable
processes. Industry 4.0 adoption requires organizational readiness, including process
standardization and employee capability [74]. Lean routines can therefore prepare firms for
digital transformation by clarifying process flows and stabilizing operational practices [75].
For this SME, premature installation of sensors or dashboards might have increased data
availability without necessarily improving root-cause control because the mold temperature
and filling speed had not yet been standardized.

Based on the observed results, a staged pathway of “stabilize, standardize and then
digitize” appears appropriate for this case. Quality 4.0 has been described as an evolution
of Six Sigma, meaning that digital quality systems still rely on measurement, analysis
and control logic [76]. Similarly, successful integration of Industry 4.0 and LSS requires
alignment between digital technologies and existing improvement systems [77]. Thus, the
RSM-based control map, filling-speed standard and SPC routine may create a more reliable
baseline for future sensor-based monitoring or real-time optimization while reducing the
risk of premature digital investment in similar SMEs.
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6.5. Boundary Conditions and Interpretation Limits

The case offers a practical roadmap for comparable SMEs seeking to implement
GLSS as a stepwise improvement approach: first stabilizing critical process variables, then
standardizing operating windows, and finally preparing the foundation for digital transfor-
mation. Nevertheless, the transferability of this roadmap depends on several preconditions.
These include reliable shop-floor data, management support, cross-functional participa-
tion, feasible parameter adjustability, and a clear link between defect reduction, capacity
recovery and environmental improvement.

Similar improvement results may be expected when several key conditions are satis-
fied. The target process should have a relatively high baseline scrap rate and a dominant
defect mechanism that can be linked to controllable process parameters. Sufficient historical
production data should also be available to support defect analysis, factor screening and
process optimization. In addition, the manufacturing system should allow for parameter
adjustment and process stabilization through standardized procedures and statistical pro-
cess control. Defective products should enter an internal re-melting loop so that defect
reduction may be translated into energy savings and emission reductions. Under these
conditions, the proposed data-driven improvement framework may be transferable to com-
parable aluminum die-casting applications. However, the actual improvement magnitude
may vary depending on alloy properties, equipment capability, product geometry, baseline
defect distribution and local energy factors.

The interpretation of these findings should remain cautious. This study used a pre—
post case design without a parallel control group, and the validation was conducted
under routine production conditions. Although no major concurrent changes in equipment,
material specification, supplier, die design or customer requirements were identified during
the study period, unobserved operational factors cannot be fully excluded. In addition,
the carbon reduction was limited to avoided Scope 2 electricity-related emissions from re-
melting. Therefore, the discussion should be understood as an explanation of the observed
case results rather than as a universal causal claim.

7. Conclusions

This study applied Green Lean Six Sigma to improve aluminum die-casting process
control in a resource-constrained SME. By integrating the DMAIC framework with factorial
ANOVA, RSM-based mold temperature modeling, one-way ANOVA and SPC, the project
identified the filling speed and mold temperature as the key process variables associated
with shrinkage-related defects. The statistical findings were translated into executable shop-
floor control rules, including a mold temperature control map based on the production
cycle time and pouring temperature and a standardized filling-speed setting of 800 mm/s.

The implementation results demonstrate that accessible statistical process control
methods can generate substantial operational benefits in SME die casting without requiring
capital-intensive digital technologies. The overall scrap rate decreased from 7.60% to 2.71%,
while the overall sigma level increased from 2.93 to 3.42. This improvement generated a
4.89 percentage-point yield-equivalent capacity gain. It also avoided 4401 kWh of re-melting
electricity and reduced Scope 2 emissions by 2362 kg COye. The gross annualized savings
were RMB 249,214 (USD 35,783). After deducting the one-time GLSS implementation cost
of RMB 31,445 (USD 4515), the first-year net saving was RMB 217,769 (USD 31,268).

The main contribution of this study is to clarify how process capability improve-
ment can simultaneously support quality improvement, effective capacity recovery and
carbon reduction. Defective castings reduce product quality and consume machine time,
labor, inspection resources, and additional electricity through the internal re-melting loop.
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Therefore, reducing shrinkage defects creates a “triple dividend” by improving production
stability, releasing hidden capacity and lowering the carbon footprint of poor quality.

From a managerial perspective, the findings provide a practical improvement pathway
for SMEs facing quality, cost and carbon pressures. Rather than relying first on advanced
sensors, artificial intelligence or digital twins, SMEs can begin by identifying critical process
variables, defining feasible operating windows, updating SOPs and sustaining improve-
ments through SPC. This “stabilize, standardize and then digitalize” logic can help resource-
constrained manufacturers build a reliable foundation for future digital transformation.

This study has several limitations. The evidence is based on a single case involving
ADC12 aluminum alloy HPDC rear fork components, and the results should be gener-
alized cautiously to other alloys, machine-tonnage ranges, product geometries or defect
mechanisms. In addition, the carbon accounting was limited to avoided Scope 2 electricity-
related emissions from reduced internal re-melting, while upstream Scope 3 effects were not
quantified. Future research should conduct multi-case validation across different casting
contexts, extend the carbon accounting boundary and explore how SPC infrastructure can
be integrated with IoT or machine learning tools for real-time process control.
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