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Abstract: -

Customer Quoted Lead Time (CQLT) is a pivotal
factor in the electronic manufacturing industry,
directly influencing customer satisfaction and
competitive positioning. The focus of review paper is
on various strategies and models designed to enhance
CQLT, emphasizing methodologies that reduce lead
time variability and improve accuracy. Key
approaches include lean manufacturing principles, Six
Sigma methodologies, predictive analytics, and
advanced data modeling. These strategies streamline
production processes, optimize supply chain activities,
and ensure alignment with customer expectations,
thereby enhancing operational efficiency and market
responsiveness.

By integrating lean practices like Just-In-
Time (JIT) production and regular improvement
(Kaizen), manufacturers can minimize waste and
improve process flow, significantly reducing lead
times. Six Sigma tools, including the DMAIC cycle,
help in systematically reducing process variability and
enhancing lead time accuracy. Predictive analytics and
advanced data modeling further refine these efforts,
offering precise lead time forecasts and enabling
proactive management of potential disruptions. This
paper provides a comprehensive review of these
strategies and their practical applications within the
electronic manufacturing sector.
Keywords: Lead Time Estimation, Predictive Modeling,
Data Analytics, Machine Learning, Supply Chain
Optimization, Customer Demand Forecasting.

I INTRODUCTION

In the highly competitive electronic manufacturing
industry, Customer Quoted Lead Time (CQLT) is a
critical determinant of customer satisfaction and
operational efficiency. The increasing complexity of
electronic products, coupled with rapidly changing
consumer demands, has heightened the importance of
precise lead time management. Accurate CQLT not
only enhances customer trust and loyalty but also
significantly impacts a company's ability to compete
in the global market. Consequently, the focus on
developing and implementing effective strategies and
models to enhance CQLT has become paramount.

Effective management of CQLT
requires a comprehensive approach that
integrates lean manufacturing principles, Six
Sigma methodologies, predictive analytics, and
advanced data modeling. These strategies
collectively address the inherent complexities in
the manufacturing processes of the electronic
industry. Lean manufacturing techniques, such
as Just-In-Time (JIT) production and
continuous  improvement  (Kaizen), are
instrumental in reducing waste and optimizing
production flow. For example, the Kanban
system within JIT helps manage inventory
efficiently and ensures timely production,
directly impacting lead time accuracy. Research
shows that lean practices can reduce lead times
by up to 30%, thereby improving production
efficiency and responsiveness to customer
demands (Womack & Jones, 2003).

(Paragon Software Group, 2020)
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Six Sigma methodologies provide a structured,
data-driven approach to reduce process
variability and improving quality, which is
crucial for enhancing CQLT. The DMAIC
process (Define, Measure, Analyze, Improve,
Control) cycle, a core component of Six Sigma,
systematically identifies and addresses the root
causes of lead time variability. For instance,
researchers have demonstrated that applying
Six Sigma techniques can lead to a 20-30%
reduction in lead time variability in
manufacturing settings (Pyzdek & Keller,
2014). This reduction is achieved through
rigorous data analysis along with process
optimization,
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ensuring that production processes are stable and
predictable.

Predictive analytics and advanced data
modeling further refine these efforts by offering precise
forecasts and real-time monitoring capabilities.
Techniques such as regression analysis, time series
forecasting, along machine learning algorithms enhance
the capability to predict and manage lead times
effectively. For example, the implementation of
ARIMA (Auto-Regressive Integrated Moving Average)
models can improve lead time prediction accuracy by
up to 15% (Chopra & Meindl, 2016). These models
analyze historical data to identify patterns along with
trends, enabling proactive management of potential
disruptions and ensuring that lead time quotations are
accurate and reliable.

Integrating these advanced strategies not only
streamlines production processes but also aligns supply
chain activities along with customer expectations. This
alignment is crucial in the electronic manufacturing
industry, where supply chain disruptions could have
significant impacts on lead times. By leveraging
predictive analytics and data modeling, manufacturers
can anticipate and mitigate the effects of such
disruptions, thereby maintaining consistent and reliable
CQLT. Furthermore, the adoption of these
methodologies supports continuous improvement,
fostering a culture of excellence and innovation within
the manufacturing unit.

In conclusion, enhancing CQLT in the
electronic  manufacturing  industry involves a
multifaceted  approach ~ that  integrates  lean
manufacturing, Six Sigma methodologies, predictive
analytics, and advanced data modeling. These strategies
collectively address the challenges of lead time
variability and ensure that manufacturers can meet
customer demands promptly and accurately. By
adopting these approaches, electronic manufacturers
can achieve operational excellence, improve customer
satisfaction, and maintain a competitive edge in the
market.

Il LITERACTURE REVIEW

Importance of Customer Quoted Lead Time

Customer Quoted Lead Time (CQLT) is critical
in high-tech manufacturing, significantly influencing
customer satisfaction, market competitiveness, and
operational efficiency. Accurate CQLT helps manage
customer expectations and build long-term relationships.
For instance, Gunasekaran et al. (2001) found that firms
with reliable lead times could enhance customer loyalty
by up to 25%, as customers value consistency and
dependability in delivery schedules. The Aberdeen Group
(2014) supports this, noting that companies with precise
lead time quotations experience a 10-20% increase in
customer satisfaction and a 20% reduction in inventory
carrying costs.

(Kephart, 2017)
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Accurate lead times also play a vital role in
supply chain coordination and efficiency. They
minimize the need for excess inventory, reducing
carrying costs and the risk of obsolescence,
especially crucial in high-tech industries where
product life cycles are short. Chopra and Meindl
(2016) highlight that firms with optimized lead
time accuracy can significantly lower inventory
costs, enhancing  overall  supply chain
performance. Reliable CQLT allows better
production planning and scheduling, ensuring
resources are utilized efficiently and production
processes are streamlined, thus reducing
operational costs.

Furthermore, accurate CQLT  helps
manufacturers align production schedules with
actual market demand, reducing the bullwhip
effect, which can lead to significant inefficiencies
in the supply chain (Lee, Padmanabhan, & Whang,
1997). By providing accurate lead times, firms can
improve demand forecasting accuracy, reduce
safety stock levels, and increase the overall
responsiveness of their supply chain, leading to
improved customer service levels and reduced
operational costs.

Issues Caused by Lead Time Variability

Lead time variability introduces significant
challenges in high-tech manufacturing, affecting
both internal processes and external customer
relations. Variability can stem from multiple
sources, including supplier delays, production
bottlenecks, and logistical issues. Bowersox et al.
(2013) indicate that supply chain disruptions
account for approximately 30% of lead time
variability, leading to inconsistent delivery
schedules and increased operational costs. These
disruptions can result from delayed shipments,
transportation issues, or geopolitical events, each
contributing to uncertainty in the manufacturing
process.
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Internal factors also contribute substantially to
lead time variability. Inefficient production scheduling,
machine breakdowns, and labor shortages are common
internal disruptions. According to Stevenson (2018),
production inefficiencies account for around 25-30% of
lead time deviations. These internal disruptions lead to
delays in product deliveries, higher manufacturing costs
due to overtime and expedited shipping fees, and
potential penalties for late deliveries. A case study on a
consumer electronics manufacturer by Lee and
Billington (1992) found that lead time inconsistencies
resulted in a 15% decline in customer satisfaction,
underscoring the critical need for managing and
reducing lead time variability to maintain customer trust
and operational efficiency.

External factors such as supplier reliability and
logistics also play a significant role in lead time
variability. For instance, variations in supplier lead
times due to production issues, quality problems, or
logistical delays can disrupt the entire supply chain.
According to Christopher (2016), about 35% of lead
time variability in high-tech manufacturing is
attributable to supplier-related issues. Additionally,
logistical challenges, including transportation delays
and customs clearance issues, further exacerbate lead
time variability. These external disruptions necessitate
robust supplier relationship management and logistics
optimization strategies to mitigate their impact on lead
times.

Strategies and Models Used to Improve Customer
Quoted Lead Time

To address lead time variability and improve
CQLT accuracy, high-tech manufacturers employ
various strategies and models, including lean
manufacturing principles, Six Sigma methodologies,
predictive analytics, and advanced data modeling.

Lean Manufacturing Principles

Lean manufacturing aims to minimize waste and
optimize processes. Key lean techniques, such as Just-
In-Time (JIT) production and continuous improvement
(Kaizen), have demonstrated significant reductions in
lead time variability.

Womack and Jones (2003) illustrate how
implementing JIT can streamline production
processes and reduce inventory levels, resulting
in lead time reductions of up to 25%. Lean

practices focus on eliminating non-value-added
activities and ensuring a continuous flow of
materials through the production system.

1. Just-In-Time (JIT) Production:

JIT focuses on producing only what is

needed, when it is needed, and in the amount
needed. This reduces lead times by minimizing
inventory and improving process flow.
- Kanban System: A Kanban system controls
the logistical chain from a production point of
view. It signals the need to move materials
within a production facility or to move materials
from an outside supplier to the production
facility.

Demand during replenishiment lead time+Safety stock
Container size

Number of Kanbans =

- Continuous Improvement (Kaizen):

Kaizen involves small, incremental changes in
processes to improve efficiency and quality.
Regularly identifying and eliminating waste
(Muda) helps in reducing lead time.

Six Sigma Methodologies

Six Sigma focuses on reducing process
variability and improving quality control through
a systematic, data-driven approach. The DMAIC
(Define, Measure, Analyze, Improve, Control)
cycle is a core Six Sigma process.

- DMAIC Cycle:

min(USL—p,u—LSL)
3o

Process Capability Index (C]’k) =

where USL is the Upper Specification Limit,
LSL is the Lower Specification Limit, \(\mu\) is
the process mean, and \(\sigma\) is the standard
deviation.

Pyzdek and Keller (2014) provide
detailed case studies showing that applying Six
Sigma techniques can lead to a 30% reduction in
lead time variability. For instance, a
semiconductor manufacturer achieved significant
improvements by using Six Sigma tools such as
control charts, process capability analysis, and
root cause analysis, reducing lead times by 20%.

Predictive Analytics and Advanced Data
Modeling

Predictive analytics involves using
statistical techniques and machine learning
models to forecast potential delays and optimize
lead time quotations. McKinsey & Company
(2018) discuss the integration of Internet of
Things (loT) technologies and real-time data
analytics in manufacturing processes. These
technologies enable manufacturers to monitor
production data in real-time and apply predictive
algorithms to anticipate disruptions. Common
predictive models include regression analysis,
time series forecasting, and machine learning
algorithms such as neural networks.
- Linear Regression Model: A linear regression
model can predict lead time based on various factors,
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such as production volume, supplier reliability, and
transportation time. The model can be formulated as:

Lead Time = B + i (Production Volume) + f(Supplier Reliability) +

Bh( Transportation Time) + ¢

where 5 istheintercept, 3, B, B are coefficents for the predictors, and s the error term

- Time Series Forecasting: Techniques like ARIMA
(Auto-Regressive Integrated Moving Average) can be
used to model and forecast lead time based on historical
data. The ARIMA model is defined by three parameters:
(p) (order of the autoregressive part),

(d) (degree of differencing), and (q) (order of the
moving average part). For instance, an ARIMA(1,1,1)
model might be used to capture trends and seasonal
patterns in lead time data.

- Neural Networks: Advanced machine learning
models, such as neural networks, can capture complex,
non-linear relationships between input variables and
lead time, providing more accurate predictions. Neural
networks consist of layers of interconnected neurons
that process inputs to predict outputs. For example, a
multi-layer perceptron (MLP) neural network can be
trained on historical lead time data to identify patterns
and predict future lead times.

Supply Chain Optimization Models

Various mathematical models and optimization
techniques are used to improve supply chain
performance and reduce lead time variability. These
include:
- Mixed-Integer Linear Programming (MILP): This
optimization technique helps in decision- making by
modeling various constraints and objectives related to
production scheduling, inventory management, and
transportation planning. The MILP model can be used
to minimize total lead time and costs.

min ) | ¢
subject to Z,,jn_l gy b Vie {1,2,...0}
z; € {0,1},Vj € {1,2,...,m}

- Stochastic Modeling: This approach accounts for
uncertainties in supply chain parameters, such as
demand variability and lead time fluctuations.
Stochastic models help in developing robust supply
chain strategies that can adapt to variations and
disruptions. For instance, a stochastic inventory model
can optimize stock levels by considering the probability
distributions of lead times and demand.

- Simulation Models: Discrete-event
simulation models are used to analyze and
optimize complex supply chain processes.
These models can simulate different
scenarios and assess their impact on lead
time and overall supply chain performance.
For example, a Monte Carlo simulation can
model the impact of various lead time
disruptions on overall supply chain
efficiency.

Future Scope in This Field
The future of improving CQLT in high-
tech manufacturing lies in the continued

integration of advanced technologies and
innovative  methodologies.  Industry 4.0
technologies, including 10T, artificial intelligence
(Al), and blockchain, promise to enhance lead
time accuracy and operational efficiency
significantly. 10T devices provide real-time
visibility into every aspect of the supply chain,
enabling proactive management of potential
disruptions. Al and machine learning algorithms
will offer even more precise predictions of lead
times by analyzing vast amounts of data and
identifying complex patterns.  Blockchain
technology can enhance transparency and
traceability in the supply chain, ensuring all
stakeholders have access to accurate and timely
information.

In conclusion, improving CQLT involves a
multi-faceted approach that integrates lean
manufacturing, Six Sigma methodologies,
predictive analytics, and advanced data modeling.
By adopting these strategies and leveraging
cutting-edge technologies, high-tech
manufacturers can reduce lead time variability,
improve customer satisfaction, and enhance
overall operational efficiency.

1l MODELS AND SIMULATIONS

A. Introduction

Studying the problem of scheduling
and reliable lead-time quotation for orders with
availability intervals and lead-time sensitive
revenues (SLTQ). Each order has an arrival time,
or release time, and a latest acceptable start time
for processing; the difference between the two
times is the availability interval or the-maximum
acceptable lead time. We use the term lead time to
denote the time between starting the processing of
the order and the order’s arrival time. Revenues
from orders decrease as the (quoted) lead times
increase. Our basic model has one type of
customer, while the enhanced model has a second
(“urgent”) type of customer as well. For both the
basic and enhanced models, we consider four
versions of SLTQ based on what information is
known and when a decision has to be made.
Offline (F-SLTQ). In the offline model, all
information about the orders is known in advance.
This might be the case if the demand process is
very predictable, leading to good forecasts, or if
most customers place their orders in advance.
Online (O-SLTQ). Orders arrive over time. The
decisions about accepting, rejecting, or
scheduling and Reliable Lead-Time order have to
be made based only on the information about
the orders

that have arrived so far, without any knowledge of
future orders. This would be the case if the demand is
not known in advance, and if forecasting is very
difficult. The decisions about an order can be made
anywhere between the order’s arrival time and latest
acceptable start time. This is the traditional online
version. Quotation (Q-SLTQ). This is a stringent online
model, in which the decision about accepting/ rejecting
an order must be made and a lead time must be quoted
immediately when the order arrives. The quoted lead
times are 100% reliable, i.e., the processing of the order
has to start within the quoted lead time. Delayed
Quotation (D-SLTQ). This is also a stringent online
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model, in which decisions about accepting/rejecting an
order and lead-time quotation have to be made within q
time units after the order arrives, where q is smaller
than the maximum acceptable lead time. This model is
between the online and the quotation models. To be
clear, O- SLTQ, Q-SLTQ, and D-SLTQ are all online,
i.e., orders arrive over time and decisions are made
without any knowledge of future orders. Any quotation
algorithm is a delayed quotation algorithm, which in
turn is a traditional online algorithm, and this is a one-
way inclusion. The offline model is studied by methods
from mathematical programming. To evaluate the
performance of algorithms for the three online models,
we use competitive analysis (Sleator and Tarjan 1985).
In a competitive analysis, an (deterministic) online
algorithm A is compared to an optimal offline
algorithm. An optimal offline algorithm knows all the
information about the orders in advance and can serve
them, obtaining the maximum possible total revenue.
Given an instance |, let zA(l) denote the total revenue
obtained by using algorithm A, and let z=(l) denote the
revenue obtained by an optimum offline algorithm, for
instance |. For maximization problems, we call an
online algorithm c-competitive, if
zx (I) <czA(l)+a

for any instance | (see Borodin and El-Yaniv 1998 for a
review of competitive online algorithms). The factor ¢
is also called the competitive ratio of A.

B. The Model

The basic model has a single customer type
and is an appropriate model when the customer orders
are similar to each other. Orders arrive over time, and rj
is the release time (earliest start time) or arrival time of
order j. We assume that all arrival times are integers.
Each order j has a processing time
pj = p, a maximum acceptable lead time Ij = I, and a
penalty (or revenue that is lost) wj = w for each unit of
time the order waits before its processing starts. The
function R(d) represents the net revenue for (quoted)
lead time d, if the order is accepted.

R(d) = (I—d)w ford<I
0 otherwise.

In this revenue function, d denotes the lead
time in the offline and online models, and the quoted
lead time in the quotation and delayed quotation
models. If d > | for an order, then the customer goes to
another vendor. From the supplier’s point of view, the
supplier has the option of rejecting an order: If it is not
possible or desirable to start processing a type i order
within | — 1-time units of its arrival (due to a busy
schedule or in anticipation of future orders), there is no
benefit in accepting the order.

(SpringerLink, 2016)
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C. Some Qualitative Insights

Some insights we gain by
studying and comparing the offline, onling,
quotation, and delayed quotation models follow.
1. SLTQ is similar to, but more difficult than,
some well-known scheduling models. We show
that O- SLTQ is quantifiably harder than the
online version of 1 rj,pj = 1 wjCj. 2. Comparing
O-SLTQ with F-SLTQ. In some cases, online
scheduling decisions can be made quite
efficiently with good performance guarantees,
and sometimes optimally. Thus, in these
situations we do not require advance information
about future demand.

3. Comparing Q-SLTQ with O-SLTQ. Our
results also show that the quotation version,
where we have to make decisions immediately
when an order arrives, can be much harder than
the traditional online version. So, the difficulty
does not only lie in not knowing the demand, but
in how soon we have to make a decision when an
order arrives. 4. How to manage quotation. To
obtain high revenues, we need to reserve
capacity— equivalently, leave space—for future
orders, even if there is only a single type of
orders. 5. The enhanced model requires a
different strategy than the basic model. In the
case of two types of customers, we need to
reserve capacity in two different ways: (1) We
don’t promise capacity beyond a certain number
of periods from now, and

(2) within the periods we promise capacity, we
reserve some capacity for high margin
customers. In contrast, in the single-type case, it
is sufficient not to promise capacity after |
periods, where | is the maximum acceptable lead
time of an order (but not reserve space-in the first
| periods).

D. Basic Model
Algorithm O-HRR (Online Highest Remaining
Revenue).

Whenever the machineis idle and there are
orders-available for scheduling, pick an order j
with the largest remaining revenue (denoted by
remj(t) if we are in time t) and schedule it next. In
case of ties, choose the order with the largest wj)
Algorithm Q-FRAC (Quotation-FRACtio-nal
revenue).

Choose 0 <a< 1. Attime t, schedule each order to the
earliest available position, only if a revenue of at least |
can be obtained. Reject all the other orders that arrived at
time t.

Online version, O-SLTQ.

The following propositions show that when p =1, the
online version of the enhanced model is harder than the
corresponding basic model only if w>=I and an urgent
order arrives, it is optimal to schedule it, and, if it does
not arrive, then scheduling the normal orders based on
remaining revenue is optimal (since the commitment of
capacity is only one time unit). In the w < | case,
however, the static priority of urgent orders over normal
orders is neither immediate nor optimal.

Algorithm O-HUR (Online Highest Unit Revenue).

Whenever the machine is idle and there are orders
available for scheduling, pick an order j with the largest
wj and schedule next. In case of ties,

choose the order with the largest remj(t).

Algorithm O-1HRR (Online 1-first then O-HRR).

[JCRT24A5752 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | p498


http://www.ijcrt.org/

www.ijcrt.org

© 2024 1JCRT | Volume 12, Issue 5 May 2024 | ISSN: 2320-2882

If a Type 1 order is available at time t, schedule
that order. Otherwise, schedule an order with the largest
remaining revenue.

Algorithm Q-FRAC-HYBRID.

Choose 0 <a< 1. If there is a Type 1 arrival at time
t: Schedule the Type 1 order if there are no Type 2 orders
available for scheduling; otherwise, schedule the Type 1
order only if w > =I. If there are Type 2 arrivals at time
t, schedule the Type 2 orders to the earliest available
positions, as long as you will make at least I revenue for
each order scheduled. Reject all the remaining Type 2
orders.

E. Delayed Quotation Problems

In terms of decision making, the online and
guotation versions consider two extremes. In this
section we consider the delayed quotation problem (D-
SLTQ), which generalizes Q-SLTQ by allowing a
waiting time gi for decision making, such that 0 < qi
<li (for a type i order).

Algorithm Q-HRR (Quotation version of O-HRR).

At time t, from the set of orders available for
scheduling, choose the one with the largest remaining
revenue and process. Reject all the orders with
remaining revenue < (. (These are the orders whose
quotation time is over.)

Algorithm Q-LONG-GAP.

Choose 0 < a,b ' <0,5. Schedule a Type 1 order to
the earliest available position. Quote lead times for Type
2 orders based on the following conditions: 1. Leave the
machine free for p period long intervals, for at least '
fraction of the time (as evenly as possible). 2. If the
revenue you will make from a Type 2 order is less than
I, reject that order. If the machine is available and there
are no new arrivals, “pull” the order with the earliest
quoted due date (which must be Type 2) and process it.

(SpringerLink, 2016)

V. CONCLUSION

The goal of this research has been to examine models
and solutions for improving Customer Quoted Lead
Time (CQLT) in the electronic manufacturing services
(EMS) sector. One cannot stress the critical role that
accurate lead time management has in improving
customer happiness, competitiveness in the market, and
operational effectiveness. It has been determined that
managing lead time variability and increasing accuracy
requires the combination of advanced data modelling,
predictive analytics, Six Sigma approaches, and lean
manufacturing concepts.

Lead time reductions are directly impacted by lean
manufacturing strategies like Just-In-Time (JIT)
production and continuous improvement (Kaizen),
which have been demonstrated to successfully eliminate
waste and optimize production flow. Lead time accuracy
can be improved by using Six Sigma approaches, which
offer an organized and data-driven method of decreasing
process variability and improving quality through the
use of the DMAIC cycle.

Just-In-Time (JIT) production and continuous
improvement (Kaizen), two lean manufacturing
techniques that have been shown to successfully
eliminate waste and optimize production flow, have a
direct impact on lead time reductions. Six Sigma

methodologies can help increase lead time accuracy by

providing a structured, data-driven approach to reducing

process variability and enhancing quality through the
application of the DMAIC cycle.

Lead time reductions are directly impacted by
Just-In-Time (JIT) production and Kaizen, a continuous
improvement approach in lean manufacturing that has
been demonstrated to successfully eliminate waste and
optimize production flow. Through the use of the
DMAIC cycle and an organized, data-driven approach
to lowering process variability and improving quality,
Six Sigma approaches can aid in boosting lead time
accuracy.

The continuing integration of cutting-edge
technologies like blockchain, 10T, and artificial
intelligence (Al) is probably going to be the primary
driver of future advances in CQLT in the high-tech
manufacturing sector. With real-time visibility into
every part of the supply chain and the ability to control
possible interruptions proactively, these technologies
promise to greatly improve lead time accuracy and
operational efficiency. While blockchain technology
will improve supply chain openness and traceability,
artificial intelligence (Al) and machine learning
algorithms will provide even more accurate predictions
by analyzing massive volumes of data and spotting
intricate patterns.

In summary, a multimodal strategy that incorporates
advanced data modelling, lean manufacturing, Six Sigma
techniques, and predictive analytics is needed to improve
CQLT in the EMS sector. High-tech manufacturers may
lower lead time variability, boost customer satisfaction, and
increase overall operational efficiency by implementing
these tactics and utilizing cutting-edge technologies. This
will help them succeed over time in a cutthroat global
market.
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