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Abstract

Efficient production capacity planning is essential for industries facing uncertain demand, such as semi-
conductor manufacturing. This thesis explores machine learning models to improve demand forecasting
and optimize production capacity, focusing on the ASML Field Service Hub. Models including XG-
Boost, Random Forest, and ARIMA are evaluated to predict demand across multiple product flows
under uncertainty. These forecasts are integrated into an optimization model to minimize costs related
to overcapacity, undercapacity, and labor fluctuations.

The proposed framework demonstrates substantial improvements over ASML’s current benchmarks,
reducing forecast errors by up to 37.4% and simulated costs by 48.3%. Additionally, robustness testing was
conducted using jitter tests, ensuring the model’s stability in the face of noisy data. The explainability and
feature importance of the machine learning models were investigated using SHAP values. The study’s
results highlight the model’s adaptability, offering a valuable tool for improving capacity planning in
various industries dealing with demand volatility.
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Chapter 1

Introduction

In today’s rapidly evolving and highly competitive technological landscape, managing production capacity
effectively is a crucial challenge for organizations. Industries characterized by volatility and complexity,
such as manufacturing, logistics, and technology, face significant uncertainty in demand and operational
flows. Efficient capacity planning is no longer just a competitive advantage, it is essential for maintain-
ing service reliability, operational efficiency, and customer satisfaction. Companies across sectors are
increasingly turning to advanced forecasting techniques, including Artificial Intelligence (AI) and Ma-
chine Learning (ML), to address the inherent uncertainties of demand fluctuations and optimize their
production capacity.

A fundamental problem faced by many organizations is the uncertainty of product flows and the
variability of demand, which can arise from multiple factors such as market volatility, seasonality, and
unpredictable customer behavior. In environments where product flows are unknown or difficult to
predict, production planning becomes particularly challenging.

To tackle these issues, businesses are turning to machine learning techniques, which offer more sophisti-
cated approaches to demand forecasting compared to traditional statistical models. By learning patterns
from vast amounts of historical data, machine learning models can provide more accurate predictions
even in complex, uncertain environments. In turn, these forecasts can be integrated into capacity plan-
ning models, allowing organizations to optimize the allocation of resources, minimize costs, and improve
service delivery.

This study addresses the general problem of demand uncertainty and capacity planning by focusing on
the development of robust forecasting models that integrate machine learning approaches with production
optimization. The goal is to design a solution capable of enhancing operational efficiency, reducing costs,
and improving decision-making in industries where uncertainty is a critical challenge.

The remainder of this thesis will focus on applying these concepts to a specific use case, ASML’s
Field Service Hub (FSH). ASML, a leader in the semiconductor industry, operates a highly complex
and specialized service network where managing production capacity is a critical operational need. The
ASML FSH is a throughput facility for ASML and faces unique challenges due to the highly technical
nature of its service offerings and the unpredictable demand patterns associated with machine servicing
and spare parts management. By exploring the ASML case in detail, the study will demonstrate how
advanced forecasting techniques can be applied to real-world scenarios to address capacity planning issues
effectively.

In summary, this research aims to develop a machine learning-driven forecasting model that improves
the alignment of demand forecasts with production capacity planning, thereby enhancing overall oper-
ational performance. The following chapters will investigate the relevant literature on forecasting and
capacity optimization, present the research methodology, and provide insights into the model development
and validation processes.



Chapter 2

Literature Review

2.1 Introduction

Efficient spare parts management is crucial for maintaining operational continuity and ensuring customer
satisfaction across various industries. As organizations strive to optimize inventory levels, enhance fore-
casting accuracy, and integrate supply chain processes, the classification, forecasting, and integration of
spare parts have gained significant attention in both research and practice. This literature review explores
the latest advancements, challenges, and best practices in spare parts management, with an emphasis on
forecasting and integration, given the thesis focus on production capacity optimization rather than spare
parts classification.

2.1.1 Background

The global spare parts industry is a substantial market, valued at approximately $200 billion, as reported
by McKinsey (Gallagher et al., [2005). Effective management of spare parts is critical for minimizing ma-
chinery downtime and ensuring continuous operation, making it essential to optimize not only inventory
levels but also the broader supply chain. This optimization is complicated by challenges such as long lead
times and the unique characteristics of spare parts.

Spare parts management presents unique challenges due to several factors:

e Intermittent Demand: Many spare parts experience frequent periods of zero demand. Approxi-
mately 60% of Stock Keeping Units (SKUs) in various inventory categories, including spare parts,
exhibit intermittent demand characteristics (A. A. Syntetos et al., 2016).

e Lumpy Demand: Non-zero demand intervals for spare parts often exhibit high variability, com-
plicating inventory management (Hua et al., [2007).

e High Number of Unique Spare Parts: The large variety of spare parts contributes to manage-
ment complexity (Cohen et al., 2006).

e Varied Supply Characteristics: Spare parts within the same organization or product can come
from numerous suppliers, each with different supply characteristics (A. Syntetos and Boylan, [2008)).

e High Costs: Even inexpensive spare parts can create substantial costs due to equipment downtime
if not managed properly (Bostrom and Lundell, 2020).

e Risk of Obsolescence: Spare parts are susceptible to stock obsolescence depending on their
position in the product lifecycle (Teunter et al., 2011)).

e Limited Historical Data: Often, there is insufficient historical data to accurately forecast demand
(Hua and Zhang, 2006)).

e Lifecycle Dependency: The demand for spare parts is influenced by the equipment’s usage
and maintenance, with increased wear and less effective maintenance leading to higher demand
(Kennedy et al., [2002).

Given these complexities, a variety of methods exist for optimizing spare parts management, each
with its own advantages and limitations. This literature review categorizes spare parts management into
three fundamental steps:



e Classification: Identifying and grouping spare parts to determine the most effective inventory and
supply chain management strategies.

e Forecasting: Applying forecasting techniques to predict demand for each category of spare parts.

e Integration: Implementing the forecasts into supply chain strategies or production planning to
improve overall efficiency.

Due to the specific use case of production capacity optimization, spare part classification is not
required. Instead, the focus is on aggregating the demand forecasts into a total production capacity
forecast. This approach simplifies the model by treating the aggregated demand as a single input, rather
than differentiating between various spare parts.

While the classification, forecasting, and integration of spare parts are addressed in various studies, the
focus often remains on individual steps rather than their combined application. For instance, Bacchetti
and Saccani explore the gap between research and practice in spare parts management
Bacchetti and Saccani, 2012, while other studies, such as those by Bostrém and Lundell, concentrate on
specific use cases (Bostrom and Lundell, [2020). This review aims to find best practices across different
scenarios and contexts, highlighting how integrating these steps can enhance spare parts management
strategies, with the final goal of implementing the new ideas for the use case at ASML to validate the
proposed framework.

The research gap identified in this review is the need to explore how the integration of forecasting
and supply chain management can improve production capacity planning. While existing literature
often focuses on these steps individually, there is a need to explore how their integration can lead to
enhanced production capacity optimization, bridging the gap between theoretical advancements and
practical applications.

. It O TR o
Spare parts Demand Inventory Performance
classification forecasting mangement asscEs Mment

Figure 2.1: An integrated approach to spare parts management (Bacchetti and Saccani, 2012]).

2.2 Classification

Effective forecasting and inventory management of spare parts depend on distinguishing parts based on
their criticality and demand patterns. Classification by criticality helps prioritize key items for forecasting
and stocking, while demand pattern classification allows for the selection of forecasting models that align
with the specific characteristics of demand. This dual approach is vital because, in most industries, about
20% of SKUs typically generate nearly 80% of sales (Zhuang et al., 2022)).

As discussed in spare parts exhibit diverse characteristics, making it crucial to focus
on the most impactful components to optimize supply chain performance. Different spare parts display
varying demand patterns, requiring a classification framework that can group parts into distinct cate-
gories, each of which may necessitate different forecasting techniques (Heinecke et al., 2013). Moreover,
demand patterns change depending on the level of data aggregation. Whether data is aggregated across
multiple parts or over different periods (e.g., daily vs. monthly aggregation), the patterns that emerge
from the analysis may differ significantly. As later sections will explain, demand patterns observed in
daily data aggregation often vary considerably from those seen at the monthly level, influencing the choice
of forecasting model.

The concept of Coefficient of Variation (CV), along with Average Demand Interval (ADI) and specific
cut-offs, plays a crucial role in determining the effectiveness of forecasting methods such as Croston or
Syntetos-Boylan Approximation (SBA) (Syntetos et al., 2005). This method is seen as the benchmark
to classify and forecast and is used extensively (e.g. Amirkolaii et al.,[2017). It is shown in
and The only other methods of pattern-based classification that was found within the current
scope is k-means clustering. Qiu et al. use this method to classify spare parts for an agricultural company



(Qiu et al., |2022). Their goal is different, however, meaning that for spare parts classification used for
forecasting of spare part demand there is only one method widely used.

CV, Os/lhs Coefficient of variation of demand size

= 2.1
or/ur  Coefficient of variation of demand interval (2.1)

I
I
I
I

v

ADI=1.32
A
Irregular demand Lumpy demand
| V=049 |‘I|I|"II “ll ] I ‘ 0
Smooth demand Intermittent demand

Figure 2.2: Pattern-based Demand Classification (Zhuang et al., |2022))

In summary, while pattern-based classification is key for selecting appropriate forecasting models, it
is less relevant to this study’s focus on production capacity optimization. Since this research aggregates
demand into a single forecast for capacity planning, individual part classification is not required. In-
stead, attention is directed toward aggregate demand, simplifying the forecasting process and aligning to
optimize total production capacity.

2.3 Forecasting Techniques

This study evaluates a variety of forecasting techniques to determine their effectiveness in predicting
demand and improving supply chain operations. These techniques range from traditional time-series
models, Croston’s method, and bootstrapping, to more advanced machine learning and artificial intel-
ligence approaches. Initially, forecasting was applied to spare parts individually, but the focus shifted
towards predicting total spare parts demand for optimizing production capacity. An overview of the
literature for forecasting techniques is shown in

Forecasting spare part demand is a crucial aspect of spare parts management, as it helps organizations
plan their inventory levels and optimize their supply chain operations. Accurate forecasting can lead to
reduced costs, improved customer satisfaction, and enhanced overall efficiency.

Forecasting spare part demand can be divided into three main categories; judgmental forecasting,
reliability-based forecasting, and time-series-based forecasting (Hu et al., . Judgmental forecasting
relies on expert opinions and subjective assessments to predict spare part demand. This approach involves
gathering insights from industry experts to make informed decisions about future demand levels. While
judgmental forecasting plays a significant role in decision-making, this research will primarily focus on
the more extensively researched reliability-based and time-series-based forecasting methods to provide a
comprehensive understanding of forecasting spare part demand.

Time-series-based forecasting involves the use of historical data to predict future demand patterns.
This can be achieved through mathematical models or artificial intelligence techniques. Mathemati-
cal models, such as exponential smoothing and auto-regressive integrated moving average (ARIMA),
are widely used in the industry for their simplicity and effectiveness. On the other hand, artificial
intelligence-based forecasting methods, such as machine learning, neural networks and deep learning al-
gorithms, provide advanced predictive capabilities by learning intricate patterns in the data. However,
these techniques come at the cost of substantial computing power and the need for a large amount of
data to ensure accurate predictions.



Engineering-based forecasting methods, specifically reliability-based forecasting, focuses on under-
standing the underlying reliability of the spare parts and their associated equipment. This approach
takes into account factors like failure rates, maintenance schedules, and equipment lifetimes to estimate
future demand.

2.3.1 Time-series Based Forecasting: Mathematical

Time-series forecasting is widely employed, with simple methods like Simple Exponential Smoothing
(SES) being among the earliest (Little and Brown, [1956). However, SES struggles with intermittent
demand, which is common for spare parts. This bias makes it unreliable for lumpy or erratic demand
patterns (Gardner, 1985 Syntetos et al., [2015)).

Croston’s Method

Croston’s method, introduced in 1972, is specifically designed for intermittent demand by separately esti-
mating the demand size and frequency, then providing a ratio-based forecast (Croston, [1972)). Croston’s
method has been improved upon with variants like the Syntetos-Boylan Approximation (SBA, Syntetos
et al., 2005), the Teunter-Syntetos-Babai (TSB, Teunter et al., 2011) method, and the Shale, Boylan &
Johnston method (SBJ, Shale et al., 2006), which reduce bias and handle obsolescence more effectively.

ARIMA

Beyond Croston and its variants, there is also the ARIMA method, which is on the border between
parametric mathematical methods and machine learning methods. Known as auto-regressive integrated
moving average, ARIMA is a linear regression model that learns parameters from historical data and
employs them for forecasting. Unlike machine learning algorithms, ARIMA can learn in real-time and
does not require as much data to provide reliable insights (Fattah et al.,|2018]). Studies show that ARIMA
models can outperform traditional methods like moving averages and exponential smoothing (Vargas and
Cortés, 2017)).

Bootstrapping

Bootstrapping is a resampling technique that helps estimate the distribution of future demand, partic-
ularly useful when historical data is limited (Willemain et al., 2004). It simulates entire demand distri-
butions instead of relying on point estimates (Willemain and Smart, 2001). Although bootstrapping can
slightly improve forecast accuracy compared to methods like exponential smoothing and Croston’s, the
added complexity may not always justify its use (Syntetos et al., 2015, Hua and Zhang, |2006)).

2.3.2 Time-series Based Forecasting: Artificial Intelligence
Supervised Machine Learning

Supervised machine learning models, such as Random Forest and XGBoost (eXtreme Gradient Boosting),
have become popular for demand forecasting (Breiman, [2001). These models require large datasets
(smaller than for deep learning however) but tend to offer better explainability and faster training than
deep learning models. XGBoost, in particular, has been successful in providing accurate forecasts with
minimal computational resources (Chen and Guestrin, [2016).

Deep Learning

Deep learning models, such as Artificial Neural Networks (ANNs, Shafi et al., 2023 Aktepe et al.,
2021)), Recurrent Neural Networks (RNN, Amin-Naseri and Tabar, 2008]), and Long Short-Term Memory
(LSTM, Bandara et al., 2020, Shafi et al., 2023 networks, can capture complex patterns in demand
data. Although these models offer high accuracy, they require extensive data and computational power.
Another problem is that these models are black box models, and are thus hard to use in combination
with input from people. Deep learning models, which can capture sequential dependencies in time-series
data, have been shown to outperform traditional models in several cases, but their implementation and
maintenance can be costly and difficult.



Table 2.1: Reviewed literature for the forecasting of spare parts

Paper

[ Proposed Method and Benchmarks

[ Use Case

Mathematical Approach to Spare Part Demand Forecasting

Little and Brown, 1956

Single Eexponential Smoothing

Theory only

Croston, (1972

Croston’s method

Theory only

Syntetos et al., [2005

Croston SBA, EWMA, Croston

Data from Automotive Industry

Shale et al., |2006

Croston SBJ

Theory only

Teunter et al., 2011

Croston TSB, SBA, Croston, SES

Simulation

Bostrom and Lundell, [2020

Croston SBA

Stock Control in High-Tech Industry

Vargas and Cortés, 2017

ARIMA, ANN, ARIMA-ANN hybrid,
MA, ES

Automobile Spare Parts

Willemain and Smart, 2001

WSS: Patented Bootstrapping Method

Patent for Bootstrapping Method

Willemain et al., 2004

Bootstrapping, Croston, ES

Nine Large Industrial Data Sets

Artificial Intelligence Approach

to Spare Part Demand Forecasting

Zhu et al., 2019

CBR, ARIMA, SVM, Holt-Winters,
Fuzzy Theory, ANN, GA, ML

Forecasting Demand of
Emergency Resources

Amirkolaii et al., [2017]

ANN: MLP-NN-BP, MA, SES, Croston,
Croston SBJ, Croston T'SB, Croston SBA

Business Aircraft Spare
Parts Supply

Shafi et al., 2023

ANN;, Croston, Auto-ARIMA, SES, RNN,
LSTM, SVM, Holt-Winter, Random
Forest, XGBoost, MLP, Auto-SVR

Historical Data Sets of Aviation
Spare Parts

Zhuang et al., [2022

IDCF (combination of BTIDCF and
TBIDCF), SBA, Bootstrapping

Data Set of Auto
After-sales Business

Aktepe et al., |2021

Multivariate linear regression, ANN,
Multivariate nonlinear regression,
SVR with polynomial kernel

Construction Machinery Company

Amin-Naseri and Tabar, 2008

ANN, MLP, GRNN, Croston, SBA,

Process Industries

Bandara et al., [2020

LSTM-MSNet, other LSTM

Different Open Data Sets

Hua and Zhang, 2006

LRSVM, ES, Croston, MB, IFM, SVM

Petrochemical Enterprise

Reliability: Engineering Approach to Spare Part Demand Forecasting

Romeijnders et al., 2012

two-step method that considers demand
and type of component, Croston

Service Provider in
the Aviation Industry

Van der Auweraer and Boute, 2019

SMI, SES, SBA

Simulation with Spare Part Data Set

This Research

[ XGBoost, Random Forest, ARIMA

[ ASML FSH: Demand forecast

SBA = Syntetos & Boylan Approximation, EWMA = Exponentially Weighted Moving Average, SBJ = Shale, Boylan
& Johnston, TSB = Teunter-Syntetos-Babai, SES = Single Exponential Smoothing, ARIMA = auto-regressive integrated
moving average, ANN = Artificial Neural Network, WSS = Weighted Subseries Smoothing, MA = Moving Average, ES =
Exponential Smoothing, CBR = Case Based Reasoning, SVM = Support Vector Machine, GA = Genetic Algorithm, ML
= Machine Learning, MLP = Multi-Layered Perceptron, RNN = Recurrent Neural Network, LSTM = Long Short-Term
Memory, SVR = Support Vector Regression, IDCF = Intermittent Demand Combination Forecasting, BTIDCF = Best
Threshold Intermittent Demand Combination Forecasting, TBIDCF = Transfer-Based Intermittent Demand Combination
Forecasting, GRNN = Generalized Regression Neural Network, LRSVM = Logistic Regression Support Vector Machine, MB
= Markov Bootstrapping, IFM = Integrated Forecasting Method, SMI = Service Maintenance Information




2.3.3 Engineering: Reliability-Based Forecasting

Reliability-based methods incorporate data beyond historical demand, such as failure rates, maintenance
schedules, and product life cycles (PLC, see . These methods can outperform time-series
models because they are tailored to the operational aspects causing the demand, like equipment failure
(Romeijnders et al., |2012)). However, their requirement for installed base data limits their applicability
to specific contexts (Van der Auweraer and Boute, [2019).
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Figure 2.3: Product Life Cycle (Van der Auweraer and Boute, 2019))

2.4 Integrating the Forecast in the Supply Chain

This section examines the various approaches to integrating forecasting insights into supply chain oper-
ations, focusing on optimizing inventory strategies, production, and capacity planning based on demand
forecasts. Several challenges such as managing obsolescence, dealing with long lead times, and ensuring
data accuracy are also highlighted. Ultimately, the goal is to determine how the ASML Field Service
Hub can utilize these insights to enhance its operational efficiency. An overview of literature for supply
chain integration can be seen in

The integration of a forecast into the supply chain can take multiple forms. Forecasting can optimize
inventory levels, production planning, or production capacity, among other elements. Selecting the right
optimization focus is crucial to maximizing benefits, particularly for spare parts management, as it
directly influences operational readiness and cost management.

2.4.1 What to Optimize?

When integrating forecasting into the supply chain, several areas can be optimized, each contributing to
improved efficiency in distinct ways. Below, potential optimization areas are explored based on insights
from the literature.

e Stocking Policies: This involves optimizing reorder policies and inventory levels to ensure spare
parts are available when needed, minimizing both stockouts and excess inventory. Baccheti and
Saccani stress the importance of classifying spare parts to align stock control policies with forecasted
demand patterns (Boylan et al., 2008).

e Inventory Management: Methods such as Just-in-Time (JIT), Economic Order Quantity (EOQ),
and Vendor-Managed Inventory (VMI) are frequently employed to streamline inventory operations.
For instance, Deng and Liu propose a deep learning model for inventory demand prediction, achiev-
ing high prediction accuracy and significant cost reductions (Deng and Liu, [2021]).

e Production Planning and Scheduling: Aligning production with demand forecasts can mini-
mize lead times and improve manufacturing efficiency. Albey et al. present a model that updates
production planning based on forecast evolution, reducing inventory costs and backlog (Maccarthy
and Liu, [1993] Albey et al., [2015, Mula et al., [2006]).



Table 2.2: Reviewed literature for the supply chain integration of spare parts
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= Long Short-Term Memory, SPT = Shortest Processing Time, WSPT = Weighted Shortest Processing Time, EDD =
Earliest Due Date, ABC = Activity Based Costing, TDABC = Time-Driven ABC



e Supplier Selection: Chien et al. developed a multi-objective optimization model for supplier
selection, balancing cost, quality, and reliability, demonstrating how supply chain efficiency can be
improved through strategic supplier partnerships (Chien et al., [2022)).

e Fleet Readiness: Fleet readiness depends on spare parts availability to minimize downtime and
ensure asset reliability. Basten and Arts developed an optimization model for fleet readiness, focus-
ing on minimizing the costs of holding spare parts while maintaining high asset availability (Basten
and Arts, [2017)).

e Production Capacity Optimization: Optimizing production capacity is another critical area
where forecasts can guide decisions on resource allocation. Santana et al. emphasize the importance
of aligning capacity planning with demand forecasts to avoid labor shortages or inefficiencies, which
can lead to increased costs (Santana et al.,|2017)).

2.4.2 Optimization Methods

Once the area of optimization is determined, the next step is to select the appropriate method for
integrating forecasting with optimization. Three primary approaches have been identified:

Predict-Then-Optimize (PTO)

Traditional supply chain models often use a two-stage framework where the forecast is generated first and
then used as an input for optimization. This approach, while simple, does not always result in the most
effective decisions since the optimization model does not directly influence how the forecast is generated.
As a result, suboptimal decisions can be made if the forecast is inaccurate (Bertsimas and Kallus, 2020).

Smart Predict-Then-Optimize (SPO)

Recent advancements advocate for a more integrated approach, called Smart Predict-Then-Optimize,
where forecasting and optimization are combined into a single framework (Elmachtoub and Grigas, [2022)).
This method leverages the structure of the downstream optimization problem to influence the forecast,
leading to better decisions overall, even if the forecast itself has higher error margins. For instance, models
using SPO can achieve improved cost-effectiveness and operational efficiency compared to traditional PTO
methods. However, this is harder to implement, requires more computing power and time, and is in a lot
of cases not worth the effort (Bertsimas and Kallus, 2020, Yan and Wang, [2022)).

Simulation

Another option is to simulate results instead of optimizing mathematically. This can reduce time and
complexity, but may not always find the optimal answer.

Simulation cannot be combined with SPO and creates the need for a split between forecast and
optimization.

Sharma et al. use a combination of forecasting and simulation to optimize the timing for preventive
maintenance (Sharma et al., 2017)).

Do Rego and De Mesquita present results of a large-scale simulation study on spare parts demand
forecasting and inventory control to select best policies within each SKU category for a Brazilian car
manufacturer (do Rego and De Mesquita, 2015)).

2.5 Research Gaps to Pursue

The literature review reveals several research gaps that are not just general problems, but directly appli-
cable to improving the ASML Field Service Hub. In this section, gaps identified from existing research
are discussed:

1. Feature Identification for Forecasting and Supply Chain Integration:

e Gap: While there is a growing body of research on supply chain forecasting, there is limited
understanding of which specific features (such as failure rates, historical demand trends, and
lead times) have the greatest impact on spare parts forecasting and how these forecasts should
be integrated into broader supply chain decisions.
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e Opportunity: A detailed analysis is needed to identify the most relevant features influencing
demand forecasting and how they can be aligned with spare parts procurement, inventory
management, and capacity planning.

2. Continuous Improvement of Forecasting Models:

e Gap: Forecasting methods, especially those dealing with seasonal patterns, product lifecycle
variations, and obsolescence, still face challenges in maintaining accuracy over time.

e Opportunity: Improving forecasting methods is crucial given a company’s need to manage
complex, long-life-cycle products and ensure parts availability. Research into hybrid models
that combine traditional and Al-driven forecasting techniques could provide more reliable
forecasts for these scenarios.

3. Empirical Studies and Case Studies:

e Gap: Much of the research on forecasting and supply chain integration remains theoretical,
with fewer empirical studies that test models in real-world settings.

e Opportunity: Given ASML’s unique position in the semiconductor industry, a case study
approach could be valuable to empirically evaluate how different forecasting models perform
when integrated with inventory and capacity planning decisions.

4. Comparison of Models for Specific Product and Data Patterns:

e Gap: A key limitation in the existing literature is the lack of quantitative comparisons between
forecasting models in specific use cases, especially for spare parts management. Reliability-
based methods have not been extensively tested across diverse data patterns.

e Opportunity: Research could explore which forecasting models work best for the specific data
patterns associated with spare parts, such as high variability in demand, long lead times, and
the criticality of certain parts.

5. Managing Uncertainty and Risk in Forecasting:

e Gap: While some research touches on uncertainty, there is a need for more robust models that
integrate risk management into spare parts forecasting, especially in industries like semicon-
ductor manufacturing where supply chain disruptions can have significant impacts.

e Opportunity: Supply chains could be optimized by implementing models that dynamically
incorporate uncertainty, such as robust models that include noise, real-time data on supplier
performance or machine downtime, to adjust forecasts and capacity plans in response to real-
world conditions.

6. Production Capacity Optimization in Response to Forecast Variability:

e Gap: While there is extensive research on production capacity planning, there is a lack of
studies that explore how to dynamically optimize production capacity in response to fluctuating
demand forecasts, especially in industries with long lead times and high product complexity.

e Opportunity: Optimizing production capacity is particularly challenging due to the variability
in spare parts demand and the criticality of maintaining machine uptime for customers. Re-
search could focus on developing adaptive models that align production schedules and resource
allocation with evolving demand forecasts. Such models would need to factor in constraints
like production lead times, workforce availability, and machine capacity, helping organizations
avoid over- or under-utilization of its resources.

By addressing these gaps, this thesis aims to contribute to the body of knowledge in supply chain
forecasting and optimization, with an extra focus on the ASML Field Service Hub.
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Chapter 3

Problem Statement

In industries characterized by high complexity and uncertainty, such as manufacturing and service deliv-
ery, effective production capacity planning is crucial for maintaining operational efficiency and meeting
customer demands. One of the primary challenges organizations face is accurately forecasting demand in
environments where product flows are uncertain and volatile. These uncertainties often arise from factors
such as fluctuating market conditions, seasonality, and the unpredictable behavior of customers. The
inability to predict demand accurately leads to inefficiencies in production capacity, resulting in either
overutilization, which strains resources, or underutilization, which leads to increased operational costs.

Traditional forecasting models, while useful for simpler environments, often struggle to adapt to
the dynamic and complex interactions between multiple product flows, leading to reactive decision-
making. Organizations are increasingly recognizing the need to shift from reactive to proactive strategies
by adopting more sophisticated forecasting tools that can better handle these complexities. Machine
learning-based forecasting models have emerged as a powerful solution to this problem, enabling more
accurate demand predictions and offering the potential to integrate those predictions into production
capacity planning.

This thesis seeks to address the general problem of demand uncertainty and production capacity
planning by developing a forecasting model that leverages advanced machine learning techniques. The
objective is to create a proactive approach to decision-making, where production capacity can be dynam-
ically adjusted based on more reliable and precise demand forecasts.

The specific use case explored in this research involves ASML’s Field Service Hub, which faces similar
challenges due to the highly specialized nature of its operations in the semiconductor industry. The
facility plays a critical role in ensuring machine uptime for customers by managing the procurement,
inventory, and availability of spare parts. Due to the complexity of the semiconductor industry and
the unique nature of ASML’s product flows, accurate forecasting and production capacity planning are
essential to meeting customer demand. However, the current forecasting and planning models used by
ASML are reactive and limited in their ability to dynamically adapt to fluctuating demand, especially
given the complex interactions between the various product flows through FSH.

By focusing on this use case, the thesis aims to demonstrate how the general principles of demand
forecasting and capacity optimization can be applied to complex, real-world scenarios. The ultimate
goal is to design a model that shifts production capacity planning from reactive to proactive, enabling
data-driven strategies that improve efficiency and customer satisfaction.

3.1 Research Questions

Based on the identified research gaps, the following research questions will guide the thesis:

Main Research Question:

e How to design an improved forecasting and production capacity optimization model that leads to
an improved mid-term production capacity planning that can be applied to the ASML Field Service
Hub?

Research Questions:

e Research Question 1: What methods are best suited to forecast demand under uncertainty?
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Research Question 2: How should forecasting models be designed for optimal capacity planning?

Research Question 3: How can forecasts be translated into production capacity decisions?

e Research Question 4: How is the ASML Field Service Hub case applied to the general model?

Research Question 5: How are the models validated and compared to benchmarks?

3.2 Methodology

To answer the research questions, a systematic approach is followed to ensure that the methods used are
generalizable and not limited solely to the ASML use case. However, the ASML Field Service Hub serves
as a practical example to demonstrate how the proposed methods perform in real-world applications.
Below is an outline of how each research question will be addressed.

Main Research Question: How to design an improved forecasting and production capacity
optimization model that leads to an improved mid-term production capacity planning that
can be applied to the ASML Field Service Hub?

The main research question will be answered through the combined responses to the sub-questions. The
proposed solution involves developing and validating a Python-based model that forecasts demand and
optimizes production capacity based on those forecasts. The conclusions will be drawn by comparing the
performance of the new model to the current benchmark used by ASML.

Research Question 1: What methods are best suited to forecast demand under uncertainty?

To answer this question, a set of requirements will be created based on the literature review. The
suitability of different forecasting methods will be assessed by building upon the existing research, focusing
on methods such as machine learning algorithms and time-series forecasting models.

Research Question 2: How should forecasting models be designed for optimal capacity
planning?

This question will be answered by exploring how forecasting models can be designed in tandem with
optimization frameworks. Existing literature on the integration of forecasting and capacity planning will
form the foundation, which will then be expanded upon by applying these principles to the ASML use
case.

Research Question 3: How can forecasts be translated into production capacity decisions?

The answer to this question will be derived from the developed model, which will link demand forecasts
to capacity planning decisions. The process will involve reviewing existing decision-making frameworks
and refining them through simulation and optimization techniques, ultimately creating a Python model
based on the derived mathematical model.

Research Question 4: How is the ASML Field Service Hub case applied to the general
model?

This question focuses on the application of the general forecasting and capacity optimization model to the
ASML FSH use case. The goal is to demonstrate how the general principles can be adapted to address
the real-world operational challenges faced by ASML, thus providing a practical validation of the model.
Using ASML experts and data, the general model will be rewritten to accommodate for the intricacies of
FSH, such as the unique product flows.

Research Question 5: How are the models validated and compared to benchmarks?

To address this question, the literature on model validation and quantitative comparison methods will be
reviewed. The performance of the developed model will be assessed against ASML’s existing benchmarks
to determine whether it offers a measurable improvement in production capacity planning and demand
forecasting accuracy.
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The methodology involves a combination of theoretical research, practical model development, and
empirical validation, ensuring that the proposed solutions are both academically sound and practically
applicable in real-world scenarios like the ASML FSH.
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Chapter 4

Research Question 1: What methods
are best suited to forecast demand
under uncertainty?

4.1 Introduction

Forecasting demand under uncertainty is a critical challenge faced by industries with volatile product
flows, fluctuating customer behavior, and varying market conditions. Traditional forecasting methods
often struggle to account for the complexity and dynamic nature of demand patterns, particularly in
industries like manufacturing, logistics, and service-based sectors. This chapter explores the forecasting
techniques best suited to handle demand uncertainty, with a focus on both classical statistical models
and advanced machine learning methods.

4.2 Classical Statistical Forecasting Methods

Statistical forecasting methods have long been used to predict demand based on historical data. These
models, while effective in stable environments, often face limitations in volatile and uncertain demand
contexts.

4.2.1 Time-Series Models

Time-series models are commonly used in demand forecasting and are based on the assumption that
historical patterns will continue into the future. Popular time-series methods include:

Exponential Smoothing

Techniques like exponential smoothing are employed to model trends. These methods give more weight
to recent observations, but they rely on historical stability, which can be a limitation in environments
where demand unpredictability is prevalent.

ARIMA

ARIMA models are widely employed for their simplicity and ability to model both trend and seasonality
in data. However, ARIMA assumes that relationships between past and future values remain stable over
time, making it less suitable for handling highly volatile demand.

While these time-series models have been effective in industries with moderate demand variability,
they often fall short in capturing complex relationships and sudden changes in demand patterns.

4.2.2 Intermittent Demand Forecasting

For industries with intermittent demand, where demand occurrences are sporadic and irregular, spe-
cialized models like Croston’s method and its variants (e.g., Syntetos-Boylan Approximation) have been
developed. Croston’s method is particularly suited for forecasting when demand events are infrequent,
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but it assumes independence between demand occurrences and quantities, which may not always be valid
in highly complex supply chains.

4.3 Machine Learning Approaches to Forecasting

Recent advancements in machine learning have introduced more powerful tools for forecasting demand
under uncertainty. Machine learning models offer the flexibility to capture non-linear relationships,
complex interactions, and adaptive patterns, using multiple inputs or features, making them particularly
well-suited to environments with significant demand volatility.

4.3.1 Decision Tree-Based and Gradient Boosting Models

Decision tree-based models such as Random Forest and gradient boosting models such as XGBoost have
become increasingly popular in demand forecasting due to their ability to handle large datasets and
capture complex interactions between multiple variables. These models use an ensemble of decision trees
to improve prediction accuracy, and their robustness makes them effective in dynamic environments with
fluctuating demand.

Random Forest

This method constructs multiple decision trees and combines their results to provide a more accurate
prediction. Random Forest is capable of handling both numerical and categorical data, and its ability to
model complex relationships makes it highly adaptable to uncertain demand patterns.

XGBoost

As an enhancement to Random Forest, XGBoost incorporates gradient boosting, which sequentially
builds trees to correct errors from previous ones. XGBoost has been widely adopted due to its speed and
accuracy, especially in environments with highly dynamic and nonlinear relationships.

4.3.2 Neural Networks and Deep Learning

Artificial Neural Networks and deep learning models, including Long Short-Term Memory networks, have
shown promise in demand forecasting, particularly when handling time-series data with complex temporal
dependencies.

ANNSs

By mimicking the way the human brain processes information, ANNs can capture non-linear patterns
and relationships in data. They can be trained on large datasets to identify underlying patterns, making
them suitable for environments where demand is highly irregular or uncertain.

LSTM Networks

As a specialized type of recurrent neural network, LSTMs are particularly effective in capturing long-term
dependencies in time-series data. This makes them ideal for forecasting scenarios where past demand
trends influence future events, even when those patterns are irregular.

Despite their accuracy, neural networks often require large amounts of data and significant computa-
tional resources, which can be a barrier for some organizations. However, in highly complex environments,
their ability to adapt to changing conditions and learn from intricate data patterns makes them a powerful
forecasting tool.

4.4 Approach for the Forecasting Model

The forecasting model should be designed based on the available data and the requirements of the use
case. A variety of models were explored, including simple linear models and machine learning models.

The goal is to choose from the methods found in literature review, and compare and test three of
them, to finally conclude which method works best.
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4.4.1 Requirements for the Forecasting Model

To determine the most suitable methods for forecasting demand, both the literature review conducted in
and the following key requirements were considered:

1. Literature-Based Model Selection: The forecasting model should be well-supported in aca-
demic and industry literature. It is essential to use established models that have demonstrated
success in similar contexts to ensure reliability and credibility.

2. Time Series Approach: Given the sequential nature of the data, the model should focus on
time series analysis to capture trends, seasonality, and other temporal patterns. This is critical
for maximizing the value of the available data and ensuring that the model can handle historical
fluctuations effectively. Models using panel data are left out of scope.

3. Proven Methods: Given the constraints of this project, specifically the short timeframe of two
years of historical data, testing experimental or unproven methods is not feasible. The model must
be fast, reliable, and backed by a strong track record of performance in similar cases.

4. Limited Historical Data: With only 1.5 years of training data available to forecast 6 months
ahead, the model needs to be optimized for short data windows and sub-optimal data quality. It
should be capable of leveraging time series data alongside additional features to improve accuracy.

5. Multi-Step Forecasting: The model must support forecasting multiple steps ahead. For mid-
term production capacity planning, a time horizon of up to six months is necessary, meaning the
model should be capable of multi-output predictions.

6. Explainability: The model should not operate as a ”black box.” It must be explainable, allowing
stakeholders to understand how predictions are made and what factors contribute to the forecast
to make informed decisions.

7. Robustness: A key criterion is the robustness of the model. It must deliver reliable predictions
even under varying data conditions, such as missing or noisy data points, and also be reliable for
out of sample forecasts.

8. Implementation Feasibility: The model needs to be implementable within ASML’s operational
and technical environment. Specifically, it should be compatible with Python, a key programming
language used at ASML.

9. Balancing Complexity and Performance: While simplicity is preferred, model performance is
the priority. The goal is to balance model complexity with forecast accuracy, opting for a simpler
model if it provides reliable results. However, more complex models should also be considered if
they offer significantly better performance.

10. Future Growth Integration: The model should be capable of incorporating anticipated growth,
such as increases in demand or machine capacity expansions, to produce more accurate long-term
forecasts.

4.4.2 Model Selection Process

Based on these requirements, the focus shifted to machine learning techniques that can handle the limi-
tations in data availability and quality. While deep learning models typically require larger datasets and
longer time frames to perform well, machine learning models are better suited to handling the current
data constraints. Simpler parametric models, while easier to implement, were not considered sufficient
due to their limited ability to handle the complexity of the operations that are being forecasted, but can
be used as benchmark.

Exponential smoothing was ruled out for multi-step forecasting because it tends to be unstable when
forecasting further into the future without fresh inputs. This instability renders it unsuitable for this
case, especially with the mid-term 6-month forecasting horizon required.

4.4.3 Final Model Selection

After evaluating various models, three were selected for implementation based on the requirements listed
before:
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XGBoost

A highly efficient and scalable machine learning algorithm that handles structured data well, especially
with limited historical data. XGBoost has been shown to outperform many other models in time series
forecasting due to its ability to model complex relationships in the data.

Random Forest

A robust and versatile model that is easy to implement and interpret. Random Forest is known for its
ability to handle noisy data and its resistance to overfitting, making it a strong candidate for this case.

ARIMA

A traditional time series forecasting model that performs well when working with small datasets and can
capture linear trends and seasonality. ARIMA is included to compare how a simpler statistical approach
that does not use features fares against machine learning models that have multiple features as input.
By comparing the performance of these three models, the best-suited forecasting method will be
identified, with the final decision balancing accuracy, complexity, robustness, and explainability.

4.5 Explainability of Machine Learning Models

While machine learning models like Random Forest, XGBoost, and neural networks can provide highly
accurate forecasts, their complexity often leads to a lack of interpretability. In recent years, techniques
such as SHAP (SHapley Additive exPlanations) have been developed to provide insights into how machine
learning models make decisions. SHAP values explain the contribution of each feature to the prediction,
offering transparency in forecasting models and enabling decision-makers to understand the factors driving
demand variability.

Understanding the decision-making process of a machine learning model is crucial, even in cases where
black-box models are acceptable, as in the later investigated internal use case. While black-box models
can produce accurate forecasts, gaining insight into the reasoning behind their predictions allows for a
deeper understanding, validation of results, and verification of model robustness. This transparency is
essential for sanity checks, such as verifying whether the most important features align with domain
knowledge and expectations.

Overall, an explainable model should use the right mix of input features.

4.5.1 Application of SHAP Values to Explain Model Behavior

One of the most effective ways to enhance the explainability of a machine learning model is through
Shapley values, originating from cooperative game theory (Sundararajan and Najmi, 2020). Shapley
values allocate the contribution of each feature to the final prediction, distributing the overall prediction
(or "payout”) fairly among the features based on their importance. This method is implemented through
the SHAP library in Python (Lundberg and Lee, 2017)), which has become a standard tool for explaining
complex models.

SHAP values provide a unified measure of feature importance, where the contribution of each feature is
calculated by comparing all possible combinations of feature inputs. The goal is to estimate the marginal
contribution of a feature by examining how much the prediction changes when it is included or excluded
from the model. The key advantage of SHAP values is their consistency and local accuracy:

e Consistency: If feature A contributes more to the model than feature B, SHAP will assign a
higher importance score to feature A.

e Local Accuracy: For any given prediction, the SHAP values of all features sum up to the difference
between the model output and a baseline value (typically the mean prediction). This ensures that
the SHAP explanation fully accounts for all points of the prediction.

SHAP values reveal how individual features (e.g., historical minutes, and mix of product flows) influ-
ence the predicted output. By visualizing SHAP values, one can see which features push the prediction
higher or lower and by how much. This is particularly useful when features interact in complex, non-linear
ways, which can make direct interpretation challenging.

Using SHAP values also helps in determining the robustness of the model:
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e Verify Feature Importance: By checking that the features deemed important by SHAP align
with expectations, model developers can ensure that the model’s behavior makes logical sense. For
example, if historical production minutes significantly influence the forecast, SHAP will highlight
this, confirming the feature’s relevance.

e Detect Anomalies or Biases: SHAP values can uncover situations where the model relies too
heavily on certain features or ignores others that should be important. This can be a signal to
revisit the model design or training process.

e Improve Trust in Forecasting: By understanding which factors contribute to predictions,
decision-makers can gain confidence in the model’s recommendations, even if the model itself re-
mains complex.

4.6 Conclusion

Forecasting demand under uncertainty requires a careful balance between accuracy, adaptability, and
interpretability. Traditional time-series models, while useful in certain contexts, are often limited in
environments where demand patterns are volatile. In contrast, machine learning methods, particularly
decision tree-based models, offer the flexibility and power needed to handle complex, uncertain demand
scenarios. The use of SHAP values for model explainability provides a holistic solution for industries
seeking to enhance their forecasting and capacity planning processes.
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Chapter 5

Research Question 2: How should
forecasting models be designed for
optimal capacity planning?

5.1 Model Design: Selecting Features and Variables

Designing an effective forecasting model for optimal capacity planning requires a careful selection of fea-
tures and variables. These features need to capture the underlying factors driving demand, particularly in
uncertain and volatile environments. The chosen variables should provide sufficient historical information
and relevant signals to enhance the model’s predictive performance.

Feature and variable selection depends on the use case and available data, but in general, forecasting
models rely on historical production data or demand data to predict future outcomes. However, demand
patterns are rarely influenced by a single factor. To capture the full complexity of demand, additional
underlying data can be included as features in the model. This may include external drivers like economic
indicators, seasonality, or product-specific flows that contribute to overall demand. For example, if the
total demand is influenced by multiple product lines, it is often better to include data on those individual
product flows to improve the model’s accuracy and flexibility.

When designing forecasting models, it is essential to use a time-series format and not use panel
data which is sometimes available, particularly for models that rely on sequential data (e.g., ARIMA,
XGBoost, Random Forest). Time-series models assume that the data points are temporally ordered,
meaning the model can identify patterns based on historical sequences. This temporal structure is
critical for forecasting future demand, as it allows the model to learn from past behaviors and project
them forward. In contrast, panel data, which combines cross-sectional and time-series data, may not be
suitable for models that focus exclusively on sequential predictions.

Feature selection is one of the most important steps in model design, as irrelevant or redundant
features can degrade the model’s performance, leading to overfitting or underfitting. Techniques such as
correlation analysis, feature importance scoring (e.g., SHAP values), and domain expertise are typically
employed to refine the selection of input features. By focusing on the most relevant variables, the model
can generate more reliable and interpretable forecasts for capacity planning.

It is difficult to generalize the feature selection process step because every process or data set has
their own characteristics.

5.2 Data for Forecasting Models

The reliability of a forecasting model heavily depends on the quality and relevance of the data used.
A well-designed forecasting model requires clean, structured, and comprehensive data that accurately
represents the demand drivers. The data must not only be historical but also reflect the most recent
demand trends, ensuring that the model adapts to changing patterns over time.

Data preparation is a crucial step in creating a reliable forecasting model. This process involves
obtaining the necessary raw data, cleaning and remediating it, and transforming it into a format that can
be used effectively by the machine learning model. Cleaning the data is essential to ensure that it does
not contain errors, outliers, or inconsistencies that could mislead the model and negatively impact its
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performance. For example, missing values, duplicate records, or incorrect timestamps must be corrected
to avoid bias in the predictions. Since this is use case specific, more will be explained in

Additionally, feature engineering plays a key role in preparing the data. This involves generating
new variables from the raw data that can enhance the model’s ability to capture the underlying demand
trends. Lag features and transformations of key variables are commonly used in time-series forecasting
models to enrich the dataset. The selection of features should be aligned with the forecasting model’s
objectives, ensuring that the input data provides a strong signal for the target variable; future demand.

Finally, a train-test split needs to be made to create a training and testing data set. The division
between the two depends on the data set and use case, but the training data should be the biggest chunk
of available data.

5.2.1 Aggregation Level

An important decision in designing a forecasting model for capacity planning is determining the appro-
priate aggregation level of the data. The aggregation level refers to the time intervals at which the data
is grouped, such as daily, weekly, or monthly.

The choice of aggregation level directly impacts the granularity of the forecasts and must align with
the specific goals of the forecasting model. For instance, in scenarios where operational decisions, such
as production capacity adjustments, are made every month, it is more practical to aggregate the data at
the monthly level. This reduces the noise inherent in daily fluctuations and allows the model to focus
on broader trends that drive longer-term demand. In contrast, if the objective is to manage short-term
fluctuations in demand, daily or weekly aggregation may be more appropriate.

The key consideration here is the trade-off between granularity and stability. Higher granularity (e.g.,
daily data) may capture short-term variability but can introduce more noise, making it harder to identify
stable demand patterns. On the other hand, lower granularity (e.g., monthly data) smooths out short-
term fluctuations but may miss important demand spikes or troughs that occur within a month. In the
context of capacity planning, where long-term trends are more important than daily variability, a monthly
aggregation level is often preferred. This is further investigated for the use case in

5.3 Timeframe

A critical decision to be made regards the timeframe used for modelling. Different machine learning
methods require varying time frames as input. Three approaches were tested:

1. Shortest Timeframe: Using only the previous time step’s data to forecast.

2. Longer Timeframe: Including one more time step back for the most important feature, the
time-series of the total production.

3. Longest Timeframe: Adding data from multiple previous time steps, and including longer time-
frames of multiple features, enabling the model to capture temporal dependencies more effectively.

A trade-off exists between adding more data points and risking data overload, which could cause
overfitting or run into the problem of not having enough training data because there are too many
features.

5.4 Multi-Step Forecasting: Multi-Output Regression and Chain
Regression

Additional complexity was introduced by creating multi-step forecasts for up to six months ahead, which
allows the model to plan production capacity more efficiently in response to demand forecasts. For the
XGBoost and Random Forest model, there is a decision to be made here. For ARIMA there is not, only
a sequential chain regression is possible since ARIMA does not use any other features.

To address the need for forecasting demand up to six months ahead, two different approaches were
considered for multi-step forecasting: Multi-Output Regression and Chain Regression. Both methods
were evaluated and tested to determine which best fits the specific requirements of this case, offering
flexibility, accuracy, and scalability.
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5.4.1 Multi-Output Regression

In Multi-Output Regression, a separate model is trained for each forecasted time step. For this case,
six models would be created, one for each of the next six months it tries to forecast. Each model is
independent, meaning that the prediction for month one does not influence the prediction for month two,
and so on.

Advantages:

e Simplicity: Each model can focus on a specific time horizon, potentially improving its accuracy
for that particular step.

e Parallelization: Since the models are independent, they can be trained and run in parallel, re-
ducing computation time.

e Interpretability: It is easier to understand the drivers behind each time step’s forecast, as each
model focuses on a distinct horizon.
Challenges:

e Lack of interdependence: Since the models are independent, they do not consider the relation-
ships between consecutive time steps, which may be critical in capturing sequential trends.

e Higher resource requirements: Training separate models for each time step can be resource-
intensive, particularly as the number of forecasted steps increases.

5.4.2 Chain Regression

Chain Regression, also known as Recursive Multi-Step Forecasting, tackles the forecasting problem by
training a single model for the first time step (e.g., month one), and then using the output of that model
as an input for the next time step (e.g., month two). This chaining process continues until all required
time steps (up to month six) are forecasted.

Advantages:

e Sequential learning: The chained approach allows each prediction to take into account the results
of the previous forecast, enabling the model to capture temporal dependencies more effectively.

e Improved accuracy: For time series with strong sequential relationships, this method often leads
to more accurate long-term forecasts since each step builds on the previous one.

e Resource efficiency: Only one model is trained, and it can be reused across all forecasted time
steps, potentially reducing computational overhead.
Challenges:

e Error propagation: Errors in the earlier steps can accumulate, leading to compounding inaccu-
racies in later steps. This is particularly problematic in long-term forecasts.

e Complexity: The chaining process makes the model more complex, and tuning it to prevent error
amplification can be challenging.

e Stability: This method can create unstable outcomes that have unbound growth.

After testing and error comparison, it was found that multi-output regression performed significantly
better in all cases for both XGBoost and Random Forest and was thus used for the remainder of the
research.
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5.5 Robustness Testing and Model Evaluation

In machine learning, the primary focus often lies on maximizing model accuracy (Tsipras et al., 2018).
However, in practical applications like production capacity planning, robustness is equally important
(Pranab, 2021)). Robustness refers to the model’s ability to maintain consistent performance when faced
with small variations in the input data, such as noise or future data that may slightly deviate from the
current patterns.

5.5.1 Jitter Test

To assess the robustness of the models, a jitter test was conducted. This test involves adding varying
levels of noise to the input data and evaluating the model’s error metrics, such as Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE). Gaussian noise was introduced at levels of 5%, 10%, and
15% to simulate possible future fluctuations in data, in line with similar robustness studies (Cai et al.,
2021)).

Gaussian noise was applied to the input data set to simulate the kind of variation expected in future
data. The level of noise is adjusted to assess how the model behaves under small (5%), moderate (10%),
and large (15%) deviations from the original data. Gaussian noise is ideal for this purpose, as it mimics
random fluctuations and introduces smooth variability across all features.

The key question addressed by this test is: How much does the introduction of noise impact the model’s
predictions? Models that show only minor increases in error under noisy conditions are considered more
robust, indicating that they can generalize better to unseen or fluctuating data. In contrast, models that
exhibit significant increases in error when noise is added may be overfitting the training data, rendering
them less reliable in practical applications.

The results from the jitter tests provide insights into the robustness of the model under simulated
noise. However, the extent to which these noise levels match real-world conditions remains uncertain,
and additional real-world data would be required for a more accurate assessment.
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Chapter 6

Research Question 3: How can
forecasts be translated into
production capacity decisions?

Forecasting models are not standalone tools; their value lies in how well they integrate into the broader
decision-making framework of an organization. In the context of capacity planning, forecasts should
guide actionable decisions that ensure the optimal allocation of resources, including labor, equipment,
and materials. Proper integration of forecasts into capacity optimization models can help organizations
proactively adjust their operations, avoid inefficiencies, and balance the costs of overcapacity and under-
capacity.

This chapter explores how demand forecasts can be directly translated into production capacity de-
cisions, examining different strategies for capacity planning and the role of simulation in validating the
effectiveness of these strategies.

6.1 Capacity Planning Based on Forecasts

Optimizing production capacity offers the potential to significantly enhance operational efficiency. With
varying demand for spare parts and complex maintenance schedules, forecasting can be used to determine
the optimal number of resources (e.g., employees or machines) required to meet demand without incurring
unnecessary costs.

A critical element of production capacity optimization is measuring and managing production rates.
Santana et al. differentiate between three key capacities (Santana et al., |2017)):

e Design Capacity: The theoretical maximum output that can be achieved with current resources
under ideal conditions.

e Effective Capacity: The practical maximum output, accounting for factors like product mix,
maintenance, and labor variations.

e Actual Output: The real production rate achieved over time, is often lower than effective capacity
due to unforeseen disruptions.

These distinctions are crucial for aligning production capacity with demand forecasts and ensuring
the model user can meet its service level agreements while avoiding the costs associated with overstaffing
or underutilization.

There are three steps performed to determine the most cost optimal capacity planning decisions. First,
a forecast is created. Then a strategy is used to set a preliminary capacity. This is done to minimize the
volatility that comes from following a singular forecasted value for consecutive months. The first strategy
is still to follow that singular forecasted value, but other strategies are created to decrease the volatility
of the preliminary capacity planning. This will increase robustness, as the capacity will be based on
multiple forecasts. The third and final step, is to do a cost optimization simulation to determine the best
capacity planning based on the forecasted values. This will further smoothen the capacity planning and
decrease capacity volatility.
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6.2 Simulation of Production Capacity Strategies

Once a forecast is generated, the next step is to simulate different production capacity strategies to
determine the most cost-effective approach. These simulations allow organizations to explore how well
different capacity planning strategies perform under various demand scenarios. By testing multiple strate-
gies, decision-makers can evaluate trade-offs between costs, resource flexibility, and service reliability.

In this context, production capacity strategies involve adjusting FTEs or machine hours based on
forecasted demand. The objective is to ensure that capacity is neither over nor under the required
levels, thus avoiding the costs of both underproduction (e.g., delayed orders or emergency shipping) and
overproduction (e.g., idle workers or machines).

To address erratic behavior in forecasted FTE values (FTEs for each month are forecasted indi-
vidually), a smoothing technique is applied to avoid excessive changes in capacity planning decisions.
The optimization model performs an exhaustive search around the forecasted values to find the global
optimum for FTE adjustments. During the exhaustive search, the model iterates through all possible
capacity options close to the values found for the forecast to identify the configuration that minimizes
cost, accounting for both under- and overcapacity and training costs. By optimizing based on forecasted
demand, the model ensures that the selected capacity strategy minimizes costs while maintaining service
level agreements. Given that the problem is discrete and the possible solutions are close to the non-
optimized values, the exhaustive search is computationally efficient, typically taking no more than three
minutes per run for the use case.

6.2.1 Production Capacity Strategies Based on Forecasts

To explore how different capacity strategies perform, three approaches to capacity planning were simulated
over an eight-month period, using the forecast as input:

Strategy 1: Follow Forecast 3 Months Ahead

Adjust FTE levels based on the forecast exactly three months ahead, without smoothing fluctuations.
This strategy waits until the last possible moment to change the scale of operations (upscaling or down-
scaling production takes three months) but will outperform the other two strategies when the forecast
is perfect. While it allows for flexibility, it is sensitive to the accuracy of the forecast and may lead to
abrupt shifts in capacity levels.

Strategy 2: Smoothing via Multiple Forecasts

Use the average of forecasts across different time horizons to stabilize decisions and avoid large swings in
capacity planning. Here the mean of the forecasts of months three, four, five, and six are used to predict
three months ahead. This approach reduces the impact of short-term fluctuations, smoothing out abrupt
changes in resource allocation.

Strategy 3: Buffer + Smoothing

A buffer is added to the smoothed forecast to account for unexpected demand surges while preventing
under-capacity. This strategy introduces a safety margin, preventing under-capacity and improving
service reliability, albeit at a slightly higher cost.

6.3 Decision-Making Framework: Linking Forecasts to Action

Forecasting models must be embedded in a decision-making framework that translates predictions into
practical actions. This involves linking the forecasted demand with operational decisions such as resource
allocation, production scheduling, and workforce planning.

Key elements of this framework include:

e Objective: Minimize operational costs while maintaining enough capacity to meet demand.

e Constraints: Production schedules, labor availability, machine capacity, and costs associated with
over- and under-capacity.

e Decision Variables: Resource levels (FTEs, machine hours) adjusted based on forecasted demand.
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By structuring the forecasting model as part of a larger decision-making process, organizations can shift
from reactive to proactive operations, ensuring that capacity planning aligns with future demand trends.
This shift reduces last-minute adjustments, cuts costs, and enhances overall operational performance.

6.4 Validation: Cost Simulation of Production Capacity Strate-
gies

While an improved forecast alone does not guarantee cost reductions, its value lies in providing accurate
inputs for capacity planning decisions. The validation focuses on how well these decisions align with
actual production needs, translating forecasts into actionable production capacity strategies.

The purpose of this validation process is to assess the effectiveness of the forecasting models by
simulating production capacity strategies and comparing costs. The goal is to determine how well the
forecast-driven strategies minimize costs associated with under- and over-capacity, thereby informing
better capacity planning decisions.

e Objective: Minimize total costs while maintaining sufficient production capacity.
e Cost Structure:

— Under-capacity costs are set 3x higher than over-capacity due to the disruption caused by late
or emergency orders, while overcapacity only costs the salary of the operator.

— Costs associated with hiring and releasing employees are included, with penalties for frequent
changes in staffing to discourage short-term adjustments.

Using the forecast as input, the optimization model tests various capacity levels and chooses the
configuration that minimizes costs while maintaining the required service level.

6.4.1 Simulation Setup: Rolling Window Forecasting and Simulation

To validate the effectiveness of these capacity strategies, a rolling window forecasting and simulation
technique was employed. This method involves continuously updating the forecast as new data becomes
available and adjusting the capacity decisions accordingly. The rolling window approach mimics real-
world operations, where forecasts are regularly revised, and capacity adjustments are made dynamically.

The simulation tests how well each capacity strategy adapts to updated forecasts, measuring the
impact on costs, capacity utilization, and service reliability. This real-time refinement process ensures
that production capacity decisions remain aligned with demand trends, avoiding both over- and under-
utilization of resources.

6.5 Mathematical Notation: Capacity Planning and Optimiza-
tion Problem

Objective: Minimize the total cost, which consists of costs related to undercapacity, overcapacity, and
employee training. Given the imbalance between undercapacity and overcapacity penalties, the model
should ensure minimal disruption while balancing staffing costs.

Let:

o T be the number of months in the planning horizon (for the use case, T' = 8).

F; be the forecasted production minutes for month ¢, obtained from the forecasting model.

FTE; be the Full-Time Equivalent employees needed in month ¢, to meet production demand.

Clunder and Cyyer be the cost coeflicients for undercapacity and overcapacity, where Cynger = 3+ Cover-

Mpyrg is the production minutes an FTE can complete in a month.

Clrain is the cost of hiring/training an employee.

Chre is the cost of releasing an employee.
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e U; and Oy represent undercapacity and overcapacity in month ¢.
e S; represents the number of staff employed in month ¢.
Decision Variables:

e S;: Number of FTEs for each month ¢.

e AS; =5, — S;_1: The change in FTE from the previous month, to account for hiring and firing
costs.

Objective Function:
Minimize total cost:

T
Minimize Z (Cunder - Ut + Coyer - Ot + Cirain - max(0, AS;) + Chre - max(0, —ASy))
t=1

Where:
Ut = maX(O,Ft — St . MFTE)

represents the undercapacity for month ¢, and
Ot = max((), St . MFTE — Ft)

represents the overcapacity for the month t.
Constraints:

1. FTE Step Constraint:
S,eZt, vt=1,...,T

2. Production Capacity Constraint: For each month, the FTEs must provide sufficient production
minutes to meet forecasted demand:

St Mprg > F; (minimize undercapacity penalty).

3. Smoothing and Hiring/Firing Costs: The optimization also includes a penalty for frequent
changes in S;:
|S: —St—1] (penalty on hiring and firing).

4. Strategy-Specific Constraints:

e Strategy 1: Uses forecast three months ahead:

| Fiys
Stes = ’VMFTE-‘

e Strategy 2: Uses a smoothed forecast:

g . Fiiz+ Fpa+ Fiys + Fige
143 1 Mors

e Strategy 3: Adds a buffer to Strategy 2:

Fiis+ Foya + Frys + Fi
Spys = [ t+3 1+.4MFT1:5 t+6—‘ B

27



Chapter 7

Research Question 4: How is the
ASML Field Service Hub case
applied to the general model?

7.1 Introduction

In earlier chapters, a general forecasting and capacity planning model was developed to address the
challenges posed by uncertain demand and complex production flows. While this model is designed to
be applicable across various industries, its practical utility can only be fully understood when applied to
a real-world scenario. The ASML Field Service Hub serves as an ideal use case for testing and validating
the model’s effectiveness.

ASML operates within the high-tech semiconductor industry, which is characterized by intricate ser-
vice operations and highly variable demand for spare parts and machine maintenance. This complexity,
coupled with the need for precise capacity planning, makes the ASML FSH an excellent test case for
demonstrating how the general model can be adapted to real-world operational needs.

The aim of this chapter is to explore how the general forecasting and capacity optimization model
can be applied to ASML’s unique context. By focusing on ASML’s specific operational challenges, this
chapter will show how the general principles discussed earlier can be fine-tuned to handle the intricacies
of ASML’s Field Service Hub, while also providing insights into the broader applicability of the model.

7.1.1 Adapting the General Model to ASML

The next sections of this chapter outline the specific modifications made to the general forecasting and
capacity planning model to suit the ASML Field Service Hub’s needs. Customizations were required to
handle ASML’s unique data structure, product flows, and operational constraints.

The final model was developed in Python, combining both the forecasting and production capacity
optimization models. The process begins by generating a forecast using one of three forecasting methods;
XGBoost, Random Forest, or ARIMA, based on the prepared data. This forecast is then used in the
production capacity optimization model, which performs an exhaustive search to determine the optimal
number of FTE required for each month, with the goal of minimizing total operational costs.

The model was designed to improve capacity planning accuracy and reduce costs by balancing the
trade-offs between overcapacity and undercapacity. The model selection and structure were guided by
the requirements outlined in previous chapters (subsection 4.4.1)).

7.2 Specific Challenges of the ASML Field Service Hub

ASML, founded in 1984, is a Dutch corporation and one of the world’s leading manufacturers of chip-
making equipment. They design and manufacture lithography machines that are essential for chip man-
ufacturing. ASML has now become a global innovation leader, and they have expanded immensely.

The ASML Field Service Hub presents unique challenges that make it a valuable case for testing the
general model. These challenges include high product complexity, unpredictable demand for spare parts,
and stringent service level agreements.
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7.3 Data Preparation

Data preparation was a critical step in ensuring that the forecasting model could deliver reliable pre-
dictions. The focus here was on identifying and preparing data that could be used to create a robust
forecasting and optimization model.

Data preparation started with transforming raw data from the source into a structured format and
remediating the data. Data remediation involved extensive cleaning and restructuring to ensure the
accuracy and reliability of the dataset. First, the trend and data were analyzed to ensure data quality.
Then the mistakes that were found, were rectified. This was done in coordination with production
planners and data scientists from ASML. Most of the data remediation was done in Excel in CSV files,
but some minor steps were undertaken in Python. Key actions taken during remediation and preparation
included:

e Elimination of unrealistic peaks.
e Eliminating missing values, empty orders, and inconsistencies.
e Removal of duplicate records and non-production orders.

e Looking at the manually overwritten data and see if those changes were correct and removed lots
of those manual workarounds.

e Adjustments for norm times and manual workarounds that had previously distorted the dataset.
e Disregarding the first few inputs, as they were not reliable.
e Date conversion to prepare the data for the different aggregation levels.

e Transformation of the panel data set into a usable time-series data set to prepare the data for
machine learning input. This was done using Excel Pivot tables and ensured that data was ready
for aggregation levels such as daily, weekly, and monthly. The decision to use time-series data
instead of panel data was made because of the advantages of the models available for time-series
data. For future research, it might be interesting to create a neural network that uses the panel
data as input.

e An index was added for machine learning input; machine learning models cannot use the month
format, so the new index gives the linearization and time dependency. Later, in
it is shown that this feature has a big impact on the model.

e Data from multiple timeframes was shifted forwards and backward (e.g., -2, -1, +1, +2, +3, +4,
+5, +6, +7, +8 months) to create lag features and test data for the machine learning models. This
was also required for the rolling window approach to include historical data from previous months
to capture temporal trends.

The train-test split was performed by using 17 months of data as training data and the last 8 months
for testing. This rolling window allowed for an ongoing evaluation of model performance based on recent
data.

Forecasting Out of Sample: Include Expected Growth

To generate valuable insights for ASML beyond the historical data, the forecasting model must demon-
strate strong performance not only on past observations but also in predicting future demand. This
involves incorporating anticipated growth at FSH into the model, enabling more accurate long-term
planning.

7.3.1 Data Aggregation Level

Data was aggregated at various levels; daily, weekly, and monthly, to explore different patterns and
trends. Daily data was highly erratic, while weekly data aligned more with ASML’s planning cycles.
Ultimately, monthly aggregation was selected as the most suitable for the model due to its stability,
predictive capability, and the requirements for production capacity planning.
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Daily Aggregation Level

The data is erratic on a daily aggregation level and this makes it hard to find the trend, Prophet (Python
library created by Meta, a state-of-the-art daily forecasting model) was used to find trends and look at
the data at a daily aggregation level.

Weekly Aggregation Level

The weekly aggregation level was investigated because ASML plans on a weekly level; the current bench-
mark is on that weekly level. Weekly is less erratic, but still not very predictable.

Monthly Aggregation Level

The monthly aggregation level was ultimately used in the forecasting and optimization model due to its
stability, predictive capability, and the requirements for production capacity planning. It is smoother
and thus easier to predict. It also aligns better with the goal of production capacity optimization, where
it is required to look 6 months ahead.

7.4 Analysis

The analysis of the Field Service Hub data revealed several key trends and insights that were critical in
shaping the forecasting model.

7.4.1 Standard Data Checks

Several standard quality checks were performed on the dataset to ensure reliability and suitability for
machine learning modeling. These included:

e Counts and duplicates: Ensured consistency in the dataset by removing or resolving duplicate
records.

e Descriptive statistics: Computed the mean, standard deviation, minimum, and maximum values
for key metrics and features.

e Handling missing values: Examined the number of zero and non-zero entries to assess data
completeness.

e Autocorrelation: Evaluated the internal dependencies within the time-series data.

e Data smoothness: Classified the time-series data per aggregation level to check whether it was
smooth, lumpy, intermittent, or erratic. This characterization helped in selecting appropriate fore-
casting methods.

7.4.2 Conclusion from Data Analysis

The data analysis indicated that the available dataset is robust enough to support a machine learning-
based forecasting model. However, due to the limited amount of historical data, it was concluded that
large neural network models would not be feasible. Simpler machine learning models, such as decision
trees or gradient boosting, would be more appropriate for this scale of data and can give better results
than parametric models or the current benchmark.

7.5 Data Challenges and Limitations

The analysis encountered several challenges and limitations, primarily around data quality and consis-
tency:

e Data quality: The dataset had some issues, such as unrealistic peaks and missing values.

e Real-time updates: Data was not available in real-time, which limited the model’s ability to
respond to sudden changes in demand.
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e Limited historical data: Only two years of historical data were available, which posed a challenge
in identifying long-term trends.

e Manual adjustments: Many manual workarounds were found in the data, leading to aggregation
errors. These need to be resolved to ensure data accuracy.

e Order conversion: The conversion from order lines to production minutes was based on old data,
which may not reflect the current operating environment.

These challenges highlight the importance of ongoing data remediation efforts to ensure that future
forecasting models can rely on higher-quality, more consistent datasets.

7.6 Application of Forecasting Models to ASML Data

7.6.1 The design of the forecasting model

The forecasting model was designed to utilize both the historical data and the expected growth forecasts
provided by ASML. To incorporate future growth, a factor was applied to each month based on production
capacity and expected machine installations. This approach was structured to address the need for
accurate, forward-looking predictions that could support more efficient production capacity planning.

A critical decision was made regarding the timeframe used for modeling. Different machine learning
methods require varying time frames as input. Three approaches were tested:

1. Shortest Timeframe: Using only the previous time step’s data to forecast.

2. Longer Timeframe: Including one more time step back for the total minutes, but not all other
features.

3. Longest Timeframe: Adding data from multiple previous time steps, including other features,
enabling the model to capture temporal dependencies more effectively.

A trade-off exists between adding more data points and risking data overload, which could cause
overfitting or run into the problem of not having enough training data because there are too many
features. It was tested that the third option was not viable, so for the final results, only the first two
options, Shortest Timeframe and Longer Timeframe, will be compared in depth.

Additionally, multiple forecast windows were created for different future months, which could be
leveraged in a multi-output regression model to predict future demand for several months at once. In
the final model, a 6-month window was used because larger windows did not add more information, but
were less reliable.

7.6.2 What methods are best used to forecast demand for these flows?

The final forecasting model supports three methods: XGBoost, Random Forest, and ARIMA. These
models were chosen based on their performance in forecasting, their ability to handle time-series data,

and their fit with the available dataset based on the requirements in

7.6.3 Technical Specifications

Data preprocessing was conducted outside the forecasting model, as detailed in The final
CSYV file used for the forecasts contains cleaned and preprocessed data.

The key features used in the forecasting model include the data per product flow, the underlying
time-series production data of FSH, the index, and the total minutes. These features were tested over
different timeframes to determine the optimal configuration. After testing, a 6-month forecast horizon
was chosen, as it provided a balance between accuracy and relevance to ASML’s planning needs, using
the three months it takes FSH to upscale or downscale production.

The model employs Multi-Output Regression, which performed better than chain regression in testing.
Multi-output regression was implemented for XGBoost and Random Forest, while ARIMA utilized chain
regression since it works with the time-series of total minutes without other features.

Each model follows the same training and testing process, where 1.5 years of data were used for
training, and the final 8 months were reserved for testing.
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XGBoost

XGBoost was optimized using grid search, which tested various parameter combinations to find the best
fit for the data. The model was designed to handle the multi-output nature of the forecast, with each
future time point treated as a separate regression task.

Random Forest

Random Forest followed the same setup as XGBoost, using multi-output regression and optimized through
grid search. It was tested on the same features and timeframes and provided a robust, non-linear method
for forecasting multiple time steps.

ARIMA

For ARIMA, the model parameters were optimized using an exhaustive grid search for combinations of p,
d, and ¢ values. Interestingly, ARIMA(1,0,0), which closely resembles a Naive Forecast, provided the best
results for this dataset, especially in multi-step forecasting. While ARIMA only uses the total minutes
time-series, it produces an almost straight-line forecast from the starting point of each prediction.

Other variants of ARIMA are unstable and not fit for forecasting multiple steps. Some other versions
sometimes closely follow the realized value but are still worse than the (1,0,0) version for RMSE and
MAE.

7.6.4 Forecast Process

The model generates an MxN matrix of forecasts, where M is the number of months forecasted and N
is the number of test items. This matrix allows for a comprehensive comparison between forecasted and
realized values, enabling the calculation of errors such as MAE and RMSE. The forecast results are also
compared against ASML’s benchmark to assess their alignment with existing capacity planning tools.

7.6.5 Forecasting Results

The results of the Forecasting Model are discussed in to immediately compare them to the
benchmark and to also answer Research Question 5: How are the models validated and compared to
benchmarks?

7.7 Application of Capacity Planning Model to ASML Data

To translate the forecast into decisions for production capacity the general model needs to be applied to
the prepared ASML data. As explained before there are three strategies implemented:

Strategy 1: Follow Forecast 3 Months Ahead

Adjust FTE levels based on the forecast exactly three months ahead, without smoothing fluctuations.
This strategy waits until the last possible moment to change the scale of operations but will outperform
the other two strategies when the forecast is perfect.

Strategy 2: Smoothing via Multiple Forecasts

Use the average of forecasts across different time horizons to stabilize decisions and avoid large swings in
capacity planning. Here the mean of the forecasts of months three, four, five, and six are used.
Strategy 3: Buffer + Smoothing

A buffer is added to the smoothed forecast to account for unexpected demand surges while preventing
under-capacity.
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After generating the forecast, the model calculates the required production minutes and FTE for each
month based on one of the three implemented capacity strategies. Initially, the forecasted FTE values
may be erratic because the model treats each month independently. This means that for each month,
it chooses a starting value for the exhaustive search which is the forecasted amount of minutes divided
by minutes of production per FTE. To address this erratic outcome, the capacity optimization model
smooths the results to avoid excessively high training costs caused by erratic hiring and firing decisions.

The optimization model performs an exhaustive search around the forecasted FTE values. Given that
the problem is discrete (per 1 FTE) and the possible solutions are close to the non-optimized values, the
exhaustive search is computationally efficient, typically taking no more than three minutes per run.

Later, when all calculations were done and all model outcomes tested, the optimal starting values for
the exhaustive search for each run were hardcoded in the model, so that those three minutes could be
saved every time the model was run.

The model checks solutions both above and below the initial forecasted FTE and ensures the optimal
solution is found within the search bounds. Since the optimization problem does not have local minima,
the solution found is the global optimum if it is not at the bounds of the test set. The model also
compares different strategies, such as smoothing the forecast or adding buffers, to the other models and
ASML’s current benchmark.

The total solution is optimized using a cost function, which includes penalties for undercapacity,
overcapacity, and training costs. The model then outputs the final solution along with the corresponding
cost metrics and personnel changes.

7.7.1 How to Translate the Forecast into Decisions for Production Capacity?

To convert forecasted demand into production capacity decisions, the following process was used:

1. Order Line Conversion: Forecasted orders were converted into production minutes using the
average minutes per order.

2. FTE Calculation: This was translated to the number of required FTE.

3. Capacity Adjustment: Production capacity is adjusted in discrete steps based on the forecasted
need, with optimization focused on minimizing under- and over-capacity costs.

The results of the Capacity Planning Optimization are discussed in to immediately compare
them to the benchmark to also answer Research Question 5: How are the models validated and compared
to benchmarks?

7.8 Conclusion of the Use Case

The final model integrates forecasting with production capacity optimization, providing ASML with a
robust tool to plan workforce and production more effectively. The model’s ability to balance forecast
accuracy with cost minimization makes it a valuable addition to ASML’s capacity planning processes.
While more complex models such as deep learning were tested, they were not included in the final solution
due to the limited data available. Ultimately, this forecasting and optimization model provides a scalable
solution for future growth and fluctuating demand while keeping production costs under control that can
be extended to other use cases as well.

7.9 Insights for Broader Application

The application of the general forecasting and capacity optimization model to the ASML Field Service
Hub has provided valuable insights, not only for ASML but also for other industries facing similar
challenges in managing uncertain demand and optimizing production capacity. While ASML operates
in the semiconductor industry with its specific set of operational complexities, the lessons learned from
this use case demonstrate the model’s flexibility and robustness across various sectors, enabling a shift
towards more proactive and data-driven operations.
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7.9.1 Flexibility of the Model

One of the most significant takeaways from the ASML use case is the model’s adaptability to different
demand patterns and operational constraints. Importantly, because the forecasting model is based on
machine learning, a new model will be trained for each specific use case. This means that the specific
features used at ASML, such as data per product flow, are not limiting factors. For any other organization,
as long as relevant underlying data is available, the model can be trained to perform effectively.

For ASML, this data was essential for capturing the demand flow and spare part planning. However,
in other industries, different types of data might play a more critical role. The model’s performance is
tied not to specific features like product flow data but to the availability of quality data that reflects the
underlying drivers of demand. As long as an organization has access to its operational data, whether it
be sales forecasts, inventory levels, or production schedules, the machine learning model can be adapted
to forecast demand and optimize capacity effectively.

For example, in the aerospace industry, the data might be replaced by aircraft maintenance schedules
or parts failure rates. Similarly, in automotive manufacturing, the model could leverage production line
schedules, customer orders, and parts availability to forecast demand. This flexibility ensures that the
model can be adapted to different industries and data environments.

7.9.2 Data-Driven Decision-Making

One of the key outcomes of applying the model at ASML was its ability to drive data-driven decision-
making. By leveraging machine learning models and advanced optimization techniques, the model pro-
vided actionable insights that led to more informed decisions about production capacity, resource allo-
cation, and labor management. This approach can be generalized across industries where operational
decisions are often based on gut feeling or limited historical data.
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Chapter 8

Research Question 5: How are the
models validated and compared to
benchmarks?

8.1 Introduction

The validation of forecasting models is a crucial step in determining their real-world applicability and
performance. In this chapter, the focus is on validating the proposed forecasting models by simulating
their outputs in combination with an optimization model on realized data from the ASML Field Service
Hub. The goal of this validation is to assess which forecasting model when used in combination with
capacity optimization, results in the lowest total operational cost.

To evaluate the performance of the forecasting models, two key metrics are used: Mean Absolute
Error and Root Mean Square Error. MAE provides a measure of the model’s overall accuracy, focusing
on average error across all predictions. This gives insight into how closely the forecasted demand aligns
with actual demand. RMSE, on the other hand, penalizes larger errors more heavily, making it a suitable
metric for evaluating the model’s handling of extreme outliers. Together, MAE and RMSE provide a
comprehensive view of the model’s performance in both general cases and scenarios where deviations
from the forecast could lead to significant operational impacts.

Additionally, the validation process includes a comparison of the proposed models against ASML’s
current benchmark. This benchmark is ASML’s existing tool for forecasting and capacity planning and
serves as the baseline for evaluating improvements. The validation begins by comparing the forecast
accuracy of the new models (XGBoost, Random Forest, ARIMA) to the benchmark’s predictions.

Next, the explainability of the models is assessed using SHAP values, which provide insights into how
the models make predictions by showing the contribution of each feature. This analysis is important
for understanding the drivers behind the forecasts and ensuring that the models are interpretable and
actionable for decision-makers.

Finally, robustness testing is conducted to determine how well the models perform under uncertain
conditions, by introducing noise into the input data. This step ensures that the forecasting models can
handle fluctuations in demand and still provide reliable predictions.

The results of the validation process are presented through cost simulations, which integrate the
forecasted demand into a capacity optimization model. This allows for a direct comparison between
the models based on their total operational cost, factoring in overcapacity, undercapacity, and workforce
allocation. The outcomes of these simulations are then compared to the benchmark’s performance,
providing a benchmark for assessing improvements in both forecast accuracy and production capacity
optimization.

In summary, this chapter will evaluate the forecasting models based on accuracy (MAE and RMSE),
explainability (SHAP values), robustness, and their ability to minimize total costs when integrated with
a capacity optimization framework. By comparing these results with ASML’s existing system, the aim is
to demonstrate the advantages and limitations of each model in real-world operations.
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8.2 Performance Metrics

The final model’s performance was evaluated using a range of metrics that assess both the accuracy of
the forecasting models and their impact on capacity planning decisions, with a focus on minimizing total
operational costs. These metrics are divided into two main categories: forecasting accuracy metrics and
validation /simulation metrics related to cost and capacity optimization.

8.2.1 Forecasting Accuracy Metrics

To measure how well the forecasting models predicted future demand, the following performance metrics
were employed:

Mean Absolute Error

MAE calculates the average magnitude of errors between the forecasted and actual values, without
considering direction. Lower MAE values indicate more accurate forecasts. This metric is particularly
useful for understanding overall forecast performance, as it provides insight into the general alignment
between forecasted demand and realized demand.

Root Mean Square Error

RMSE gives more weight to larger errors by squaring the residuals, making it sensitive to extreme outliers
in the forecast. This metric is crucial for assessing the reliability of forecasts in extreme conditions, where
large deviations from actual demand could significantly impact operational decisions.

Together, MAE and RMSE provide a comprehensive view of forecast accuracy, helping to assess how
well the models handle both average errors (via MAE) and more extreme outliers (via RMSE).

8.2.2 Validation and Simulation Metrics

After generating the forecasts, they were integrated with the capacity optimization model to determine
the overall efficiency and cost-effectiveness of production decisions based on those forecasts. The following
metrics were used to evaluate the outcomes of the simulation:

Expected Cost in Minutes Based on Forecast

This metric represents the cost that would have been incurred if the forecast had been perfectly accurate.
While it does not directly impact the outcome, the optimization model tries to minimize this before
knowing what the realized demand is.

Realized Cost in Minutes Based on Forecast

This metric calculates the actual cost incurred based on the realized data and the chosen forecasting
strategy. Lower realized costs indicate better performance, as this reflects the total minutes of production,
including any penalties for under- or overcapacity. ASML measures cost in production minutes, as order
times are tracked in minutes. Although future projects may convert these values into euros, this study
uses minutes as the cost metric.

Expected Production Minutes Missed / Late Orders with this Strategy

Based on the forecasted demand, this metric shows how many minutes of undercapacity (i.e., missed
production) were anticipated. Though not a direct indicator of final performance, this metric provides a
reference point for comparison with the realized data.

Realized Production Minutes Missed / Late Orders with this Strategy

This metric tracks how many minutes of production were missed due to undercapacity, based on the
actual, realized demand. Lower values indicate better performance, as this reflects the ability of the
model to meet demand and avoid late orders or production delays.
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Total FTE Used Over 8 Months

This metric measures the total number of FTE employed across the entire simulation period. Lower values
indicate more efficient staffing, as fewer workers are needed to meet the forecasted demand. However, if
this is too low, the costs will increase due to undercapacity.

Average FTE Used

The average number of FTEs employed over the 8 months. This is a measure of how consistently the
model allocates labor resources. Lower average FTE values indicate greater efficiency, as fewer workers are
required to meet production needs. However, if this is too low, the costs will increase due to undercapacity.

Total People Trained

This metric counts the number of employees hired over the simulation period, starting from a predeter-
mined level. Lower values are generally preferred, as they indicate less reliance on hiring new employees,
which incurs additional costs and operational inefficiencies.

Total People Released

The number of employees let go over the simulation period. While releases can be beneficial, this metric
needs to be interpreted in combination with undercapacity performance. More releases should not come
at the expense of meeting production demand.

Volatility in Personnel Change

This metric aggregates the number of hires and releases to assess the overall volatility in staffing decisions.
Lower volatility is better, as it indicates more stable workforce management, avoiding the costs associated
with frequent hiring and firing.

8.2.3 Cost-Based Performance Comparison

The primary focus of the validation was to determine which combination of the forecasting model and
capacity planning strategy minimized total operational costs. The total cost is broken down into the
following categories:

Undercapacity Costs

These represent the penalties incurred from failing to meet production demand, resulting in missed or
delayed orders. In this context, undercapacity costs are significantly higher than overcapacity costs (three
times as expensive), due to the critical importance of on-time service delivery at ASML.

Overcapacity Costs

These reflect the cost of excess production capacity that is not utilized, including idle labor (or machinery).
While overcapacity is less expensive than undercapacity, it still represents inefficiency that should be
minimized.

Training and Release Costs

These include the costs associated with onboarding new employees (training) and letting workers go
(release costs). For this use case, release costs were set at zero because of the large number of operators
with flex contracts, but the model does have the option to include this for other use cases. Three months
for new hires is included, during which no production is achieved but the employee is paid. High turnover
(frequent hiring and firing) drives these costs up, so stable staffing is incentivized.
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8.3 Comparison Against ASML’s Existing Benchmarks and Mod-
els

8.3.1 Benchmark

ASML currently uses a simpler model based on future outlooks, that is generated once a year, not based
on sophisticated models or historical data. This forecast is based on predicted future sales per product.
This model outlines expected production (capacity), and serves as a key benchmark for the model. The
model is based on a weekly aggregation level, but is for this research calculated towards minutes per
month, based on the number of order lines realized multiplied by the average minutes per line and the
number of (working) weeks in the month.

To validate the forecasting models, simulations were run to compare the outcomes of the model-driven
decisions against ASML’s existing benchmark.

ASML’s Current Model vs. Forecasting Models

ASML’s current model was used as a benchmark to compare the performance of the forecasting-driven
capacity planning strategies. By running simulations over the same eight-month period, the following
aspects were analyzed:

e Error Comparisons: Which model resulted in the lowest MAE and RMSE?

e Cost Comparison: Which model resulted in the lowest total cost (including overcapacity, under-
capacity, and staffing)?

o Explainability: How easy is it to interpret and explain the decisions made by each model?

¢ Robustness: How sensitive are the models to changes in input data?

8.4 Results of the Implemented Forecasting Models at FSH

This section presents the results of the forecasting models applied to improve production capacity planning
at the ASML Field Service Hub. The three primary models, XGBoost, Random Forest, and ARIMA,
were evaluated across various strategies and timeframes, focusing on their accuracy and the impact of
these forecasts on cost efficiency and personnel management.

These models were tested using different strategies and across two timeframes. The total error com-
parison is calculated over 30 points (5 forecast times 6 steps ahead, until the last point the realized
demand is known for 6 months ahead), and the strategies are compared for the 8 months of test data.
The strategies were applied to assess how each model performs in both short-term and extended forecasts.
In total, five forecasts were made, each predicting six months ahead, for a total of 30 forecasted points
for the forecasting models. Additionally, the benchmark was included for comparison. Later, the results
of the production capacity optimization model will be shown.

8.4.1 Error Comparison

The error comparison is just an intermediate result. The most important outcome to compare is cost,

which will be investigated in

Error Comparison between Different Models
Comparing the forecasting accuracy of each model provides insight into which approach is most reliable:

e XGBoost: XGBoost demonstrated the best performance in terms of error reduction, particularly
when using the Longer Timeframe. Strategy 1 performed notably well, achieving the lowest MAE
among all models with a total reduction of 37.4% against the benchmark. XGBoost’s accuracy three
months ahead (a critical period for scaling) was particularly strong, although this may be partly
due to overfitting to the data, making it difficult to make assumptions about its future robustness.

¢ Random Forest: The Random Forest model also performed well but did not outperform XGBoost
for MAE. When using the Shorter Timeframe, it achieved respectable accuracy, but including
additional data inputs did not result in a significant performance boost. Random Forest exhibited
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a slightly higher MAE compared to XGBoost, though it was still significantly more accurate than
the benchmark. Random Forest achieved the best RMSE (when using Strategy 3), with a reduction
of up to 28.3% compared to the benchmark.

e ARIMA: ARIMA had the highest MAE and RMSE among the three models, underperforming
compared to both XGBoost and Random Forest. ARIMA struggled to handle the complexity of
the data, especially when forecasting more than three months, and consistently performed worse
than the machine learning models. However, it still outperforms the benchmark considerably.

Error Comparison between Different Strategies

The forecasting strategies used to interpret the model predictions significantly impacted the final results:

e XGBoost: For XGBoost, Strategy 1 outperformed both Strategies 2 and 3, consistently resulting
in lower MAE and RMSE. Strategy 3, which adds a buffer to the forecast, surprisingly performed
better than Strategy 2 (no buffer), highlighting a potential bias in the forecasting model.

e Random Forest: In contrast to XGBoost, Strategy 1 was the least effective for Random Forest,
while Strategy 3 performed the best. This suggests that different strategies should be applied
depending on the forecasting model in use.

e ARIMA: All strategies performed worse than the total error comparison for ARIMA. This is likely
due to the simplistic nature of ARIMA, which struggled to capture the necessary complexity in the
forecasted demand, particularly at critical points for scaling capacity. Since the ARIMA setup is
almost a Naive Forecast, it will not perform well in predicting the necessary three months.

8.4.2 XGBoost rolling window forecast

The first two months this works almost perfectly. Unfortunately, the third month is out of sync, but the
fourth and fifth months are perfect again. The sixth is a bit off. The seventh is perfect, and the eighth
is not perfect, but still a lot better than the benchmark.

In total, a 37.4% reduction in MAE forecast error, as well as 20.1 % for RMSE, against the benchmark
was achieved.

8.4.3 Random Forest, shorter timeframe

The best performing Random Forest model, based on MAE, is with the Shorter Timeframe and Strategy
3.

8.4.4 Forecasting Out of Sample

In addition to in-sample forecasts, the models were adjusted to predict demand beyond the available
data to create new insights for ASML. The models incorporated an expected growth factor to account
for future demand increases, as explained before in

8.4.5 Explainability in the Use Case

In this thesis, SHAP values were applied to the XGBoost and Random Forest models. These models
are typically considered black-box models due to their complexity and non-linear interactions. SHAP
provides a valuable tool to open this black box, offering interpretability without sacrificing accuracy.

It is important to note that SHAP cannot be applied to models like ARIMA, which operate purely
on time-series data without feature inputs. ARIMA forecasts are based solely on historical values of one
time-series input, making SHAP’s feature-based explanations irrelevant.

SHAP XGBoost

The SHAP values for the final model, using XGBoost and the shortest timeframe, were investigated
because that model had the lowest error and cost and thus the best result (when used in combination
with Strategy 1).

For the XGBoost model, the SHAP values indicated that the most important feature was the index
of the time series. However, it was surprising that the total production, rather than individual features,
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played a smaller role in the model’s predictions. It can be seen that only a few features are used extensively
in the forecasting model. This inequality between features makes the model hard to explain. For example,
if the features with lower SHAP values decrease or increase drastically, the model would not forecast it
differently. This leads to this version of the model only working if the mix of product flows stays at the
current level.

Another finding is that the most important features used in this model are not necessarily the largest
product flows.

SHAP Random Forest

The SHAP values were calculated for the Random Forest model that had the lowest MAE and RMSE;
the version with the shortest timeframe input and Strategy 3.

In this Random Forest model, the SHAP values revealed a more balanced use of features compared
to XGBoost. Random Forest used almost all input features to some extent, which makes sense since the
output should be a combination of all product flows and the total, with an increase over time using the
index. This makes the Random Forest model more explainable than the XGBoost model.

It can also be seen that the Random Forest model has fewer outliers than the XGBoost model. This
extra stability (better RMSE, but not MAE) that the Random Forest model has, may originate from the
better balance between features.

Feature Importance and Future Robustness

Another advantage of investigating the feature importance of machine learning models is that it is another
robustness check (Mishra et al.,|2021). A more balanced feature use creates more robust models.

For example, for the XGBoost model, if the features with lower SHAP values decrease or increase
drastically, the model would not forecast it differently. This leads to this version of the model only working
if the mix of product flows stays at the current level. This does not only impact the explainability of
the model but can also mean that the robustness for future forecasts is not great if the demand for the
product mix changes. This unexpected result warrants further investigation in future research.

The Random Forest model’s use of all input features could also indicate greater future robustness
compared to XGBoost due to the possibility of the mix of product flows changing. Even if the mix
changes, the Random Forest model still uses all features and can thus probably still forecast accurately.

In conclusion, incorporating SHAP values into this analysis provided essential insights into model
behavior, ensuring that the forecast-driven strategies are not only accurate but also interpretable and
robust. It can be concluded that the Random Forest model is more explainable than the XGBoost model
because of the balanced use of features.

8.4.6 Robustness in the Use Case

To assess the robustness of the models, a jitter test was conducted. This test involves adding varying
levels of noise to the input data and evaluating the model’s error metrics, such as MAE and RMSE.
Gaussian noise was introduced at levels of 5%, 10%, and 15% to simulate possible future fluctuations in
data, in line with similar robustness studies (Cai et al.,|2021)).

The test was performed on all three models: XGBoost, Random Forest, and ARIMA, using both the
Shorter and Longer timeframes. To thoroughly assess the robustness, the jitter test was applied over
30 different points, encompassing five forecasts across six months for each model. This ensured that the
models were evaluated across a wide range of scenarios and forecast horizons.

Gaussian noise was applied to the input data set to simulate the kind of variation expected in future
data. The level of noise is adjusted to assess how the model behaves under small (5%), moderate (10%),
and large (15%) deviations from the original data. Gaussian noise is ideal for this purpose, as it mimics
random fluctuations and introduces smooth variability across all features.

The key question addressed by this test is: How much does the introduction of noise impact the model’s
predictions? Models that show only minor increases in error under noisy conditions are considered more
robust, indicating that they can generalize better to unseen or fluctuating data. In contrast, models that
exhibit significant increases in error when noise is added may be overfitting the training data, rendering
them less reliable in practical applications.
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The robustness tests confirmed that the models can handle noisy data. For example, after introduc-
ing 15% Gaussian noise, the Random Forest model’s MAE only increased by 1.5%, maintaining stable
predictive accuracy under fluctuating conditions.

Key findings included:

XGBoost Sensitivity

XGBoost was the most sensitive to noise compared to Random Forest and ARIMA, showing larger
increases in both MAE and RMSE as the noise level increased. This suggests that XGBoost, while
effective in clean datasets, may struggle to maintain accuracy under uncertain conditions.

Random Forest Resilience

Random Forest demonstrated better robustness, maintaining a relatively stable performance even as noise
levels increased. Its performance was more balanced, possibly due to the model’s ability to aggregate
predictions from multiple trees, making it less susceptible to fluctuations in the input data.

ARIMA Stability

ARIMA, though generally less accurate compared to the machine learning models, also showed good
resilience to noise. Its simplicity might contribute to its stability, as it relies solely on the time-series
structure, without additional input features.

Unexpected Performance Boost

Interestingly, in some cases, the models performed better with noise. This could be due to overfitting
in the original dataset, where slight noise helps generalize the model better. However, more testing and
future research are required to investigate this in-depth.

Impact of Increased Noise

As expected, higher noise levels generally resulted in lower accuracy across all models. The errors in-
creased with the level of noise, confirming that extreme deviations in the input data can lead to significant
forecasting challenges.

The jitter test only evaluated MAE and RMSE, focusing on forecast accuracy rather than the resulting
costs. While cost impacts are crucial for capacity planning, the primary concern in robustness testing is
the reliability of the forecast itself.

8.5 Validation: Cost Simulation of Production Capacity Strate-
gies at ASML FSH

In this section, the performance of different forecasting models is analyzed based on key metrics for
production capacity planning, including realized costs, production delays, workforce utilization, and
personnel management. The goal of the cost simulation is to validate that the improved forecasting
models also lead to lower cost, and are not just a forecast error reduction.

For each forecasting model, the best strategy, based on total cost, is further investigated in this report.
The four strategies that are evaluated: XGBoost with a Shorter timeframe (Strategy 1), Random Forest
with a Shorter timeframe (Strategy 3), ARIMA (Strategy 3), and the benchmark.

The first conclusion here is that these strategies are not just the strategies with the lowest cost, but
also the ones with the lowest errors.

These four models are compared against each other based on:

1. Realized Cost in Minutes
2. Undercapacity: Realized Production Minutes Missed / Late Orders
3. Overcapacity: FTE Used

4. Volatility in Personnel Change
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As explained in the model starts by using the forecasted values of the forecasting model
as the input for the simulation. The eight months of input are first translated from minutes to FTE,
meaning the forecasted values have to be rounded towards the nearest integer of FTE, because that is the
number of minutes that one FTE produces each month, which makes the optimization model discrete.
Then this solution of eight FTE inputs is translated back to total minutes and used for the simulation,
where it is smoothed to optimize for total expected cost. Finally, the model provides the optimized
number of FTE and minutes.

8.5.1 Realized Cost in Minutes

The realized cost represents the actual production time consumed over the evaluation period. The
XGBoost model (Strategy 1) outperformed all other models, making it the most efficient strategy in terms
of minimizing production time. It is only slightly worse (2.89%) than the optimal cost. The optimal cost
is the cost that could be achieved with perfect knowledge of the demand beforehand, which is a perfect
forecast. Both Random Forest and ARIMA strategies exhibited similar realized costs. The benchmark,
however, demonstrated significantly higher realized costs, indicating inefficiencies in the current system
when compared to the proposed machine learning-based models. This means that using the proposed
methods, simulated total costs can be decreased by up to 48.3%.

8.5.2 Realized Production Minutes Missed / Late Orders

In terms of production delays, ARIMA (Strategy 3) demonstrated exceptional performance. By aligning
workforce levels with forecasted demand, this model reduced the number of missed production minutes
due to undercapacity by 91% compared to the benchmark. This does however come at the cost of a much
higher FTE usage. XGBoost, despite its lower realized cost, missed more production, showing higher
vulnerability to production delays. The benchmark performed the worst in this category.

8.5.3 Total Monthly FTE Used Over 8 Months

The Full-Time Equivalent metric measures the number of employees required per month to implement
each strategy. According to its forecast, the benchmark required the fewest employees. However, despite
its efficiency in workforce utilization, its high realized costs and production delays diminish the advantage
in personnel usage. The XGBoost and Random Forest strategies used more FTEs, making them more
resource-intensive than the benchmark. ARIMA required the most FTEs, although this did not negatively
impact its overall performance given its minimal production delays.

8.5.4 Volatility in Personnel Change

Personnel volatility, representing fluctuations in workforce size due to hiring or releasing employees, was
highest in the benchmark. This high volatility can create instability in operations, potentially leading to
further inefficiencies. XGBoost also exhibited a notable degree of volatility. ARIMA and Random Forest
had lower volatility, reflecting more stable workforce management.

In terms of personnel training, ARIMA (Strategy 3) required the most training effort, with the most
FTE trained, compared to a little less for XGBoost, Random Forest, and the benchmark. ARIMA and
Random Forest did not release any personnel during the eight-month period, which contributed to their
stability and low personnel volatility. XGBoost, however, released some employees, leading to a higher
level of personnel change. The benchmark released the most employees, further contributing to its high
volatility.

The optimized models helped reduce workforce volatility by smoothing the hiring and release processes.
The Smoothing via Multiple Forecasts strategy (Strategy 2) provided the most stable workforce levels,
reducing the frequency of rapid changes in personnel, which was the exact goal of the strategy.

8.5.5 Key Insights:
e Lowest Realized Cost: XGBoost Strategy 1 (only 2.89% above optimum).
e Best Production Time Missed: ARIMA Strategy 3
e Lowest FTE Usage: The benchmark, though this comes with the highest cost and missed pro-

duction.
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e Personnel Management: ARIMA Strategy 3 involved the highest amount of training but did
not release any employees, while the benchmark released the most and had the highest volatility in
personnel change.

The comparison between these forecasting strategies reveals that while XGBoost (Strategy 1) mini-
mized production costs, it exhibited a higher degree of production delays and personnel volatility. ARIMA
(Strategy 3) proved to be the most robust in preventing production delays while maintaining a relatively
stable workforce, though it required the highest number of FTEs. The benchmark strategy was outper-
formed in nearly all categories, showing significant inefficiencies in both production time and workforce
stability.

For organizations prioritizing cost reduction, as in this study, XGBoost (Strategy 1) offers the best
balance between cost efficiency and operational stability.

8.6 Conclusion

In this chapter, the forecasting models were validated and compared their performance to ASML’s existing
benchmark. The validation process involved evaluating forecast accuracy, explainability, robustness,
and total operational costs through cost simulations that integrated forecasting outputs into production
capacity planning. The following key conclusions can be drawn from the validation process:

8.6.1 Forecast Accuracy and Model Performance

The forecasting models, XGBoost, Random Forest, and ARIMA, were compared in terms of their Mean
Absolute Error and Root Mean Square Error. While all models demonstrated improvements over the
benchmark in terms of general accuracy, XGBoost, and Random Forest outperformed the other models.
XGBoost consistently achieved the lowest MAE and RMSE, indicating its strength in managing both
overall accuracy and extreme outliers. These models showed clear advantages in predicting demand
fluctuations more accurately than the benchmark.

8.6.2 Explainability and Robustness

The use of SHAP values added significant value to the analysis by providing transparency in the decision-
making process of the models. SHAP values helped identify the most critical features driving the fore-
casted demand, which in turn allows (ASML’s) stakeholders to understand the factors influencing demand
volatility. This level of explainability is crucial for decision-makers to trust and adopt machine learning-
driven forecasts.

In addition, the models were tested for robustness by introducing noise into the input data. ARIMA
and Random Forest demonstrated higher resilience to noise compared to XGBoost, maintaining their
predictive power even when faced with uncertain or fluctuating demand. This highlights the robustness
of these models for real-world applications where demand uncertainty is a constant factor.

8.6.3 Capacity Planning and Cost Optimization

The ultimate test of the forecasting models was their ability to drive effective production capacity decisions
and minimize total costs. Through cost simulations, which integrated the forecasts with capacity plan-
ning strategies, it was clear that the machine learning models (particularly XGBoost) led to substantial
improvements in cost performance. These models optimized capacity planning by reducing undercapacity
(missed production minutes) and controlling overcapacity (idle resources).

The simulations revealed that the realized costs were significantly lower for the machine learning mod-
els compared to the benchmark, with XGBoost providing the most cost-effective solution. By minimizing
the mismatch between forecasted and actual production needs, XGBoost and Random Forest reduced the
number of late orders, improved resource utilization, and stabilized workforce changes (reduced hiring
and firing cycles), thereby controlling personnel volatility.

8.6.4 Comparison to Benchmark Results

The comparison against ASML’s system showed that the proposed machine learning models offered clear
advantages across multiple dimensions:
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e Improved forecast accuracy: XGBoost and Random Forest outperformed the benchmark in
both MAE and RMSE.

e Better cost efficiency: The machine learning models led to lower total operational costs by
optimizing capacity decisions and reducing the penalties for undercapacity and overcapacity.

e Increased workforce stability: The models reduced the need for frequent hiring and firing,
minimizing the associated costs of personnel volatility.

While ASML’s current benchmark has been an effective tool for ASML in the past, these results
suggest that integrating advanced forecasting techniques with capacity optimization offers a more robust
and cost-effective solution for the company’s future operational needs.

8.6.5 Final Remarks

Beyond the ASML use case, the results of this chapter suggest broader applicability of the proposed models
to other industries facing similar challenges of uncertain demand and complex production environments.

Industries such as aerospace, automotive manufacturing, healthcare, and logistics, which also contend
with volatile demand patterns and the need for optimized capacity planning, could benefit from adopting
these advanced forecasting and optimization techniques. The flexibility of machine learning models to
adapt to different data inputs, such as maintenance schedules in aerospace or patient flow in healthcare,
means that the core principles demonstrated in this study are transferable across various operational
contexts.

The ability of the models to balance forecast accuracy, cost efficiency, and workforce stability makes
them well-suited to any industry where demand uncertainty leads to significant capacity planning chal-
lenges. Future research could explore adapting these models to other sectors, further validating their
robustness and expanding their application.
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Chapter 9

Discussion

9.1 Summary of Key Findings

This section discusses the key findings from the research, evaluating the performance of the forecasting
models used for demand prediction and their impact on production capacity planning. The robustness and
explainability of the models are also investigated in the context of the ASML Field Service Hub, drawing
on the insights from the results. Overall, this research aimed to provide a comprehensive approach to
mid-term production capacity planning by enhancing forecasting models and optimizing decision-making
processes.

9.1.1 Performance of the Different Forecasting Models

The performance of the forecasting models, XGBoost, Random Forest, and ARIMA, demonstrates their
applicability across industries facing challenges of demand uncertainty and capacity optimization. XG-
Boost and Random Forest emerged as the most accurate models, handling both general demand variability
and more extreme fluctuations effectively, as evidenced by their superior performance in reducing forecast
error (measured by MAE and RMSE). ARIMA, while useful for simpler time-series forecasting, struggled
in more complex, multi-feature environments. These findings suggest that machine learning models are
particularly well-suited to industries characterized by high volatility and complex data patterns, such as
manufacturing and logistics.

XGBoost

XGBoost consistently showed high performance in terms of predictive accuracy, especially for complex,
non-linear relationships in the data. It outperformed both Random Forest and ARIMA in certain cases,
particularly in short-term predictions with higher fluctuations in demand. However, it also exhibited
higher sensitivity to noise when subjected to robustness tests. Despite its relatively higher accuracy, the
model’s black-box nature poses challenges in explainability. Feature importance metrics using SHAP
values did help to explain that.

Random Forest

Random Forest provided a balance between accuracy and explainability. Its predictive power was slightly
lower than XGBoost, but it showed greater robustness during jitter tests, maintaining stable predictions
even with the addition of noise. Random Forest’s performance in mid-term forecasting scenarios was
steady, and its relative interpretability made it a more practical option for capacity planners who need
to understand the factors driving demand.

ARIMA

ARIMA proved to be the most stable and explainable of the models, making it highly suitable for time
series data with linear trends and seasonality. Though ARIMA offers good stability under noise, its
simplicity could limit its effectiveness in handling more complex, multi-featured datasets. ARIMA’s
simplicity and interpretability offer significant value, especially for users who prefer a transparent model.
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However, its relatively high errors and limitations in capturing non-linear patterns suggest that this may
not be the optimal model.

In summary, each model demonstrated specific advantages depending on the forecast horizon and data
complexity. XGBoost delivered the best overall accuracy but struggled with robustness and explainability,
while Random Forest provided a balance of robustness and accuracy. ARIMA, though simpler, offered
good robustness and explainability, making it a reliable choice for a more stable time series. The choice
for the forecasting model depends on the use case, but the optimal forecasting solution for the ASML
Field Service Hub according to the used metrics and requirements is the XGBoost model due to the
superior results in forecast error and total cost.

9.1.2 Unexpected Outcomes

One of the most surprising results was that introducing noise into the data through jitter tests improved
the performance of some models. Normally, adding noise is expected to degrade model accuracy, as it
disturbs the underlying data patterns that the models rely on. However, in this case, certain (low) levels
of Gaussian noise led to more accurate forecasts in some instances, especially for the Random Forest and
ARIMA models. This phenomenon could be attributed to the noise acting as a form of regularization,
forcing the models to generalize better and avoid overfitting on the training data.

For example, when the data was slightly perturbed, Random Forest and ARIMA both displayed more
stable performance compared to XGBoost. ARIMA, already known for its simplicity and reliance on
linear patterns, seemed to benefit from noise, suggesting that its simpler structure might allow it to
focus more on the primary trends in the data. On the other hand, XGBoost was more susceptible to
noise, particularly with larger perturbations, indicating that while it excels in clean, complex datasets, it
struggles with the variance introduced by noise.

These findings challenge conventional assumptions about the impact of noise on predictive accuracy.
Rather than uniformly degrading model performance, noise can occasionally help certain models, es-
pecially those with strong regularization features like Random Forest, to avoid overfitting and provide
more generalized predictions. However, the higher the noise levels, the lower the accuracy in all models,
especially in XGBoost, which became increasingly sensitive as noise levels rose.

9.2 Interpretation of Results

The results of this study provide valuable insights into the relationship between forecasting model per-
formance and production capacity planning. The key findings, particularly regarding the models’ cost
efficiency, accuracy, and robustness, offer practical implications for mid-term production capacity plan-
ning. This section interprets the significance of the results concerning production forecasting and the
broader context of demand management in complex operational environments both for the ASML FSH
and in the more general sense.

9.2.1 Best Performing Models for Cost and Accuracy

The first and most notable conclusion is that the strategies with the lowest realized costs also achieved
the lowest forecast errors. For instance, XGBoost Strategy 1, which was trained on a Shorter timeframe,
resulted in the lowest realized cost.

Similarly, Random Forest also performed well in terms of both cost and forecast accuracy. Despite
having slightly higher realized costs compared to XGBoost, its stability in the presence of noise and its
relatively lower errors across multiple scenarios highlight its reliability as a robust forecasting solution.
These models’ ability to strike a balance between minimizing costs and maintaining accuracy suggests
that they are well-suited to the dynamic and complex demand environment faced in some industries, such
as at ASML.

A notable finding is the strong performance of ARIMA in minimizing production delays, as evidenced
by the lowest realized missed production minutes among all models. ARIMA’s strength lies in its focus
on linear trends, which aligns well with a relatively stable product flow demand. The model’s simplicity
allows it to remain resilient in scenarios with limited or moderate noise, making it an excellent choice
for minimizing operational disruptions. In comparison to machine learning models like XGBoost, which
showed sensitivity to noise, ARIMA performed consistently well under both clean and perturbed data
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conditions. This highlights ARIMA’s capacity to provide reliable forecasts, particularly for product flows
where demand is less volatile, and a robust model is needed to ensure uninterrupted production schedules.
All three of these models can help reduce the mismatch between supply and demand, thereby mini-
mizing excess costs while maintaining service levels. Their ability to handle large datasets and multiple
features (XGBoost and Random Forest) further increases their suitability for complex operations.

9.2.2 Robustness and the Impact of Noise

The robustness tests, which introduced jitter (Gaussian noise) into the data, revealed surprising outcomes
regarding how models handle variability in the input data. It is important to note that these robustness
results may be more stable for short-term predictions than long-term forecasting scenarios, where error
accumulation can lead to significant challenges in accuracy.

The Random Forest model demonstrated resilience to added noise, which helped it maintain stable
performance across various noise levels. This makes Random Forest a suitable model for real-world
applications where data imperfections are common.

Conversely, XGBoost, while excelling in clean data conditions, proved more susceptible to noise.
The model’s reliance on capturing intricate relationships in the data makes it vulnerable when those
relationships are distorted by noise. This suggests that XGBoost may require higher-quality data or
more sophisticated noise-handling techniques to maintain its edge in forecasting accuracy.

The unexpected improvement in forecast accuracy, when moderate noise was added, emphasizes the
potential benefit of data preparation by perturbing the input data. In some cases, this jittering effect may
help models avoid overfitting to historical patterns and encourage them to generalize better to future,
unseen data. However, as the noise levels increased, all models, especially XGBoost, experienced a decline
in performance, reinforcing the importance of ensuring data quality for optimal forecasting results.

9.3 Practical Implications and Strategic Benefits for ASML

The practical implications of the research findings are significant for ASML’s Field Service Hub and
broader production capacity planning. The proposed forecasting models, XGBoost, Random Forest,
and ARIMA, demonstrate substantial improvements over the current benchmark. All three models
outperform the benchmark, particularly in terms of accuracy and cost efficiency, which highlights their
potential to improve ASML’s capacity planning operations.

9.3.1 Proactive Operations and Data-Driven Decision Making

The implementation of one of the proposed models will enable the FSH to shift from a reactive to a
proactive approach in its operations. The predictive power of these models provides FSH with the ability
to forecast demand more accurately, leading to improved production schedules and optimized workforce
allocation. Instead of responding to production bottlenecks as they arise, ASML can now anticipate
demand fluctuations, adjust capacity accordingly, and prevent issues such as late or emergency orders.
By making decisions based on data-driven models, FSH operations will become more efficient, responsive,
and resilient to demand volatility.

9.3.2 Reduction in Forecast Errors and Cost Savings

While precise cost savings are challenging to quantify without further research, the data suggest a sub-
stantial reduction in forecast error compared to the benchmark of up to 37.4% in MAE. This reduction
in error directly contributes to better capacity planning. With fewer forecast errors, ASML can re-
duce instances of overstaffing or understaffing, thus optimizing labor costs and ensuring more consistent
workforce utilization.

Moreover, a decrease in forecast errors means fewer late or emergency orders, which typically incur
additional costs and disrupt production flow. By minimizing these disruptions, ASML can reduce both
direct labor costs and the more significant expenses associated with rush orders and production delays.

9.3.3 Workforce Planning and Production Scheduling Improvements

Improved forecasting models have direct implications for workforce planning. For instance, with more
accurate forecasts, companies can allocate the appropriate number of FTESs to production without the risk
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of over- or under-utilizing resources. This will likely lead to a reduction in labor costs while simultaneously
improving operational efficiency.

However, capacity challenges remain for ASML, particularly during periods of high demand or in the
summer months when the total workforce is at a lower capacity. Despite this, recent data suggests that
the reduced capacity had minimal impact on production efficiency. This may be due to increased focus on
production, leading to a higher production per FTE. Still, the current model of reduced capacity, while
effective in the short term, could decrease workforce morale over time, meaning it’s not sustainable in the
long run. With better forecasting, ASML can avoid such extreme fluctuations in workforce utilization
and provide a more stable, long-term approach to staffing.

9.3.4 System Integration and Future Optimization for ASML

For ASML to realize the full benefits of these forecasting models, integration with existing systems is
crucial. Implementing the models within their systems can significantly enhance production planning.
The combination of these tools will enable real-time insights into production minutes, allowing for ongoing
adjustments to the workforce and scheduling based on current forecasts.

However, improvements in data quality are essential for the long-term success of any forecasting
model. Ensuring reliable data access and an effective remediation process will help maintain accuracy in
the models’ predictions. In cases where data has been manually overwritten to solve one problem, new
problems may arise, and this cycle of inconsistency can hinder long-term planning. ASML must establish
protocols to ensure data integrity and avoid such pitfalls.

9.3.5 Limitations of the Current Benchmark Model and Strategic Next Steps
for ASML

The current forecast by the benchmark, while functional, is no longer reliable in comparison to the
proposed forecasting models. The benchmark struggles with forecast accuracy and operational reliability,
which has led to inefficiencies in capacity planning. Replacing it with a more advanced, robust forecasting
model will improve decision-making and ultimately lead to cost savings and operational efficiency. By
adopting one of the proposed models, ASML can better plan for future growth, optimize production
schedules, and create a more agile and responsive operational framework.

9.3.6 Conclusion Practical Implications and Strategic Benefits for ASML

In conclusion, the strategic benefits of implementing one of the proposed forecasting models are clear.
From reducing costs and improving workforce planning to enhancing overall operational efficiency, these
models provide ASML with a reliable and future-proof solution. As the Field Service Hub continues to
grow and adapt to shifting market demands, a data-driven approach to production capacity planning will
be critical to maintaining ASML’s competitive edge in the semiconductor industry.

9.4 Insights from the Use Case for Broader Application

The application of the general forecasting and capacity optimization model to the ASML Field Service
Hub has provided valuable insights, not only for ASML but also for other industries facing similar
challenges in managing uncertain demand and optimizing production capacity. While ASML operates
in the semiconductor industry with its specific set of operational complexities, the lessons learned from
this use case demonstrate the model’s flexibility and robustness across various sectors, enabling a shift
towards more proactive and data-driven operations.

9.4.1 Flexibility of the Model

One of the most significant takeaways from the ASML use case is the model’s adaptability to different
demand patterns and operational constraints. Importantly, because the forecasting model is based on
machine learning, a new model will be trained for each specific use case. This means that the specific
features used in ASML, such as data for each product flow, are not limiting factors. For any other
organization, as long as relevant underlying data is available, the model can be trained to perform
effectively.

48



For ASML, these features were essential for capturing the demand flow and spare part planning. How-
ever, in other industries, different types of data might play a more critical role. The model’s performance
is tied not to specific features but to the availability of quality data that reflects the underlying drivers
of demand. As long as an organization has access to its operational data, whether it be sales forecasts,
inventory levels, or production schedules, the machine learning model can be adapted to forecast demand
and optimize capacity effectively.

This flexibility ensures that the model can be adapted to different industries and data environments.

9.4.2 Data-Driven Decision-Making

One of the key goals of applying the model at ASML was its ability to drive data-driven decision-making.
By leveraging machine learning models and optimization techniques, the model provided actionable in-
sights that led to more informed decisions about production capacity, resource allocation, and labor
management. This approach can be generalized across industries where operational decisions are often
based on gut feeling or limited historical data.

9.5 Conclusion

In this section, the research questions are answered based on the results and insights gained from applying
advanced forecasting and capacity optimization models to the general problem of demand uncertainty
and production capacity planning. While the ASML Field Service Hub use case was central to this study,
the findings are broadly applicable to various industries facing similar challenges.

9.5.1 Main Research Question: How to design an improved forecasting and
production capacity optimization model that leads to an improved mid-
term production capacity planning that can be applied to the ASML
Field Service Hub?

The improved forecasting and production capacity optimization model developed in this research combines
advanced machine learning techniques such as XGBoost, Random Forest, and ARIMA to predict future
demand with higher accuracy and enable more efficient capacity planning.

The results demonstrate a significant reduction in forecasting errors (up to 37.4% for MAE with
XGBoost) and simulated costs (48.3% reduction with XGBoost). Additionally, the model performed
within 2.89% of the theoretical cost optimum, suggesting that the proposed approach offers substantial
cost-saving potential. Overall, the general model provides a framework that can be adapted to different
industries, facilitating better resource allocation, reducing missed orders, and improving efficiency in
capacity planning.

The final model also incorporates robustness testing through jitter tests to ensure stability in pre-
dictions, even under noisy data scenarios, allowing for reliable mid-term capacity planning. Incorporat-
ing future growth scenarios and optimizing resource allocation based on the demand forecast enables
improved production capacity decisions, reducing missed orders and increasing efficiency compared to
ASML’s current models.

9.5.2 Research Question 1: What methods are best suited to forecast demand
under uncertainty?

The forecasting methods were chosen based on requirements given by the literature and the use case.
The forecasting model must be adaptable, scalable, and capable of handling both short-term fluctuations
and long-term trends. It must account for different levels of noise and potential demand changes.

The research identified that machine learning models such as XGBoost and Random Forest are par-
ticularly well-suited for forecasting demand under uncertainty. These models excel in handling both
short-term fluctuations and long-term trends. They can adapt to various demand patterns and noise
levels, making them versatile for industries with complex, volatile demand. In comparison, ARIMA
performed well with simpler time-series data but struggled with more intricate relationships.

The models were evaluated using MAE and RMSE to gauge their accuracy, with XGBoost and
Random Forest consistently outperforming traditional models. These metrics, combined with cost-based
assessments, confirm that machine learning models are more effective at handling unpredictable demand
compared to conventional time-series methods.
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9.5.3 Research Question 2: How should forecasting models be designed for
optimal capacity planning?

Designing forecasting models for optimal capacity planning involves a balance between accuracy, flexibil-
ity, and robustness. The following considerations are essential for building models that effectively forecast
demand and translate those forecasts into actionable production capacity decisions:

e Feature and Data Selection: The selection of relevant features is critical for accurate forecasting.
This includes identifying key variables from historical data that influence demand, such as the mix
of product flows, sales trends, seasonality, product lifecycle data, and external factors like economic
conditions. Proper feature selection enhances the model’s ability to capture the underlying demand
drivers, improving forecast accuracy.

e Data Aggregation and Timeframe: Determining the appropriate data aggregation level (e.g.,
daily, weekly, or monthly) and selecting the right timeframe (lag periods) are vital for ensuring the
model aligns with the operational needs of capacity planning.

e Forecasting Multiple Time Steps: Multi-step forecasting can be implemented using either
multi-output regression or chain regression. Multi-output regression trains independent models for
each time step, providing more flexibility but lacking interdependence between time horizons. In
contrast, chain regression allows each time step to influence the next, capturing sequential rela-
tionships in demand but potentially propagating errors through the chain. The decision between
these approaches depends on the specific demand patterns and the desired forecast horizon. For
this research and use case, multi-output regression performed better.

e Adaptability: The models are designed to account for future growth scenarios by incorporating
flexibility in feature engineering (e.g., adding lag features and growth projections). Adaptable
models are better equipped to remain accurate even as the underlying business environment evolves.

e Incorporating future scenarios: Future scenarios, such as expected growth in production or
diversification of product lines, are integrated into the model to make it more future-proof. By
including these scenarios in the forecasting process, the model can anticipate changes in demand
and adjust capacity planning strategies accordingly.

e Robustness: Robustness is critical for ensuring the model’s stability in real-world applications
where data can be noisy or inconsistent. Robustness is evaluated through jitter tests, which in-
troduce noise into the input data to simulate unpredictable demand fluctuations. While XGBoost
showed some sensitivity to noise, it performed well overall, with Random Forest and ARIMA
demonstrating strong stability under noisy conditions.

e Explainability: Explainability is crucial for model adoption, especially when the output is used
for critical decision-making. XGBoost and Random Forest, though powerful, are often considered
black-box models. To address this, feature importance metrics, SHAP values, were used to provide
insights into how predictions are made. The ARIMA model is more interpretable by design, helping
balance explainability with accuracy, which can be valuable when transparency is required for
business stakeholders.

This approach ensures that the models can be customized to meet industry-specific requirements, re-
main interpretable for decision-makers, and provide accurate forecasts that optimize production capacity.

9.5.4 Research Question 3: How can forecasts be translated into production
capacity decisions?

Forecasts are translated into production capacity decisions through an optimization process that aligns
predicted demand with resource allocation. This process ensures that the organization can meet demand
efficiently while minimizing costs associated with labor, undercapacity, and overcapacity. The translation
from forecast to capacity decision involves the use of three key strategies for production planning: Follow
Forecast 3 Months Ahead, Smoothing via Multiple Forecasts, and Buffer + Smoothing.

These strategies are incorporated into an optimization simulation, which seeks to minimize total
operational costs by aligning the production capacity with forecasted demand in a way that smooths
capacity volatility over time. The optimization process uses an exhaustive search around the forecasted
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values, simulating different capacity scenarios for the upcoming months to determine the most cost-
effective production plan.

The simulation is run in a rolling window format, where forecasts and capacity decisions are contin-
uously updated based on new data. This method allows the model to dynamically adjust to changes in
demand while ensuring that the production capacity remains flexible and responsive. The cost simulation
takes labor costs and costs for under- and overcapacity into account.

To further clarify the mechanics of the optimization process, the mathematical formulation of the
model was documented, providing transparency and explaining how the Python code implements the
optimization logic. This mathematical model highlights the decision variables, cost functions, and con-
straints that guide the capacity planning process.

Ultimately, the model outputs the optimized production capacity for the upcoming months, providing
recommendations on how to allocate labor and resources to meet forecasted demand while minimizing
operational costs.

9.5.5 Research Question 4: How is the ASML Field Service Hub case applied
to the general model?

While this model is designed to be applicable across various industries, its practical utility can only be
fully understood when applied to a real-world scenario, such as the ASML Field Service Hub.

The ASML Field Service Hub case provided a real-world application of the general model, illustrating
how demand forecasting and capacity planning can be optimized for highly specialized, complex produc-
tion environments. Four distinct product flows were considered, each with varying demand frequency,
seasonality, and volatility.

Historical demand and production data were acquired, cleaned, remediated, and prepared, and fea-
tures were selected from the data set. Used features included the data per product flow, the index and
total production.

Demand data was aggregated monthly to align with mid-term production capacity planning needs.
Multiple timeframes were tested to capture the relationships between past and future demand, ensuring
the model had enough historical context to make accurate predictions without becoming overly complex
or prone to overfitting.

Before model training, standard data checks were performed, including trend analysis to ensure the
integrity of the data. This step helped identify any underlying trends or seasonal patterns that could
improve the model’s ability to predict future demand accurately.

A Python-based forecasting model was created using various forecasting techniques, including XG-
Boost, Random Forest, and ARIMA. These models were evaluated based on performance metrics such as
MAE and RMSE, with XGBoost emerging as the most effective model for handling the complex demand
patterns in the ASML FSH environment.

Building on the forecasting model, a capacity planning model was developed using the mathematical
formulation outlined earlier in the thesis. This model used demand forecasts to optimize production
capacity and aimed to minimize costs while ensuring that the ASML FSH could meet its service level
agreements without under- or over-allocating resources.

The results showed a tangible improvement compared to the currently employed model at ASML FSH.
The new forecasting and capacity planning model reduced forecasting errors by up to 37.4% (for MAE
with XGBoost) and optimized production capacity, leading to simulated cost reductions of 48.3%. The
model’s ability to smooth out capacity fluctuations and make more accurate predictions resulted in more
efficient resource allocation, fewer missed orders, and better alignment between demand and capacity.

The ASML Field Service Hub case provides a valuable real-world application of the general forecasting
and capacity optimization framework developed in this thesis. By demonstrating how the model can be
applied in a high-demand, complex production environment, the FSH case proves that the combination
of advanced forecasting techniques and capacity planning optimization can significantly reduce costs and
improve operational efficiency. This use case serves as a blueprint for other industries facing similar
challenges, validating the model’s ability to drive data-driven decision-making and improve resource
allocation in uncertain demand environments.
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9.5.6 Research Question 5: How are the models validated and compared to
benchmarks?

The proposed models were validated through rigorous comparisons against ASML’s current benchmark
model using metrics such as MAE, RMSE, and cost-based simulations. The proposed models (XGBoost,
Random Forest, and ARIMA) consistently outperformed the benchmark system, significantly reducing
forecast errors and lowering production costs.

Key findings include:

e Error comparison: The machine learning models reduced forecasting errors (MAE and RMSE)
compared to the benchmark, with XGBoost showing the best balance between accuracy and cost
performance.

e Cost comparison: Simulated cost reductions were significant, with XGBoost achieving the lowest
total cost, 48.3% lower than the benchmark. The cost differential between the theoretical optimum
and the actual realized cost was minimal.

e Explainability and robustness: ARIMA was the most explainable model and handled noisy
data well. XGBoost showed the best overall performance but was slightly more sensitive to noise.
Random Forest was a more explainable model than XGBoost due to the more balanced use of
features and was more robust under noisy conditions.

The validation process confirmed that advanced machine learning models can significantly improve
demand forecasting and production capacity planning across various sectors when compared to traditional
models.

9.6 Limitations

In this section, several limitations encountered during the testing and implementation of the forecasting
models are addressed. These limitations highlight areas where the data, models, or external factors may
have impacted the results or their generalizability. Most limitations found apply to the FSH use case but
also serve as more general warnings for implementation in other cases.

9.6.1 Data Limitations

The primary limitation stems from the data quality and preparation process. The current data setup
is not suitable for real-time model integration. Currently, whenever a new month of data is available,
it must be manually prepared, as outlined in the data preparation steps in This introduces
inefficiencies and delays, making it difficult to adapt the model to a dynamic production environment.
Automating this process would be essential for deploying the model at scale.

9.6.2 Model Limitations

The forecasting models themselves are based on numerous assumptions, which may limit their applica-
bility in real-world scenarios. For instance, Strategy 3 outperforms Strategy 2 in most cases, suggesting
a possible bias in the models. This could indicate overfitting, as many parameters were tuned during
model development. The dataset is relatively small, with few timesteps, which further increases the risk
of overfitting. Future research should explore robust optimization to mitigate this issue and improve the
generalizability of the models.

Another model limitation regards being future-proof. While the proposed model shows a significant
improvement over ASML’s benchmark, the comparison is based on historical data that may not fully
reflect future conditions. It remains speculative whether these improvements will consistently hold in the
face of changing demand patterns.

Furthermore, although this model has been applied successfully to the ASML use case, its applicability
to other industries will depend on the availability of high-quality data and similar demand variability
characteristics. Further testing in diverse operational environments would be required to substantiate
these findings.
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Robustness Limitations

The robustness tests, such as jitter tests (adding noise to the data), revealed some limitations. While
adding noise improved model performance in certain cases, it may not fully simulate real-world uncer-
tainty. Real-world variability can involve more complex factors, such as demand shifts due to economic
or supply chain disruptions, which the jitter tests may not capture.

9.6.3 External Limitations

External factors also limit the model’s effectiveness. For example, the model was designed for the demand
side, meaning it does not account for issues with supply or backlog, which are common in real-world
production environments. Unexpected market fluctuations or supply chain disruptions can significantly
affect production capacity, but these factors were excluded from the model, simplifying its scope.

9.6.4 Risk Assessment

There are inherent risks in relying too heavily on the forecasting and capacity planning model. Unexpected
demand fluctuations, technological constraints, or changes in market conditions could limit the accuracy
and usefulness of the model. It is important to emphasize that the model should not be viewed as a
standalone solution but as a tool to provide insights. Human supervision and decision-making are crucial
in interpreting and acting on the model’s forecasts, ensuring that strategic decisions account for factors
the model may miss.

9.6.5 Ethical Considerations

Several ethical considerations arise in the implementation of forecasting models, particularly around data
use and privacy, black-box modeling, and the potential for automation in decision-making.

e Data privacy is critical, as the model relies on large datasets that may contain sensitive informa-
tion. Ensuring that data is anonymized and securely stored is essential.

e Black-box modeling presents challenges, as complex machine learning models can be difficult
to interpret. Ensuring that the model is explainable and transparent to decision-makers will help
avoid blind reliance on its outputs.

e Automation in decision-making raises ethical concerns, particularly regarding its impact on
the workforce. A model that optimizes efficiency might suggest reducing headcount, which could
lead to job losses. It is essential to ensure that the model is used as an additional tool rather than
an all-encompassing solution. Human oversight is necessary to consider the broader implications of
decisions, especially those affecting employment.

In conclusion, while the forecasting models offer clear strategic benefits for ASML, they come with
limitations that need to be addressed in future iterations. Improved data processes, refined model as-
sumptions, and careful consideration of the ethical impacts will help ensure that these models are both
effective and responsible.

9.7 Implementability at FSH

The practical implementation of the forecasting model at ASML will require careful planning and inte-
gration into the existing production capacity planning processes. Given its potential to improve mid-term
forecasting, production scheduling, and workforce management, ensuring that the model is operational
and easily usable by staff is essential for maximizing its impact.

9.7.1 Scalability

The model was designed with a specific focus on ASML’s FSH, but its scalability potential is significant.
The methods used can be adapted for other departments or product flows within ASML that require
demand forecasting and production capacity optimization or even completely different organizations and
sectors. By modifying the model inputs, such as product characteristics or production constraints, the
forecasting system could extend to other critical areas. Additionally, given its design in Python, the
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model is flexible enough to handle larger datasets or different timeframes, making it adaptable to broader
operations.

9.7.2 Technical Environment

The model is implemented using Python, which is a versatile and widely used programming language
in data science and machine learning. At ASML, the model can be integrated into the existing IT
infrastructure by leveraging existing data pipelines and dashboards. The output from the Python model
can be fed into ASML’s current systems. By using the already available systems, the model can seamlessly
integrate into dashboards, providing decision-makers with real-time or near-real-time insights.

For data pipelines, it is crucial to automate the flow of data from ASML’s existing systems into the
model, ensuring that the forecasting model is always using the most current and accurate data. This may
require collaboration with ASML’s IT teams to ensure that the appropriate APIs and data connectors
are in place.

9.7.3 User Interaction

ASML staff will interact with the forecasting model primarily through reports, visualizations, and po-
tentially automated alerts. The outputs, such as forecasted demand, capacity utilization, and workforce
requirements, can be visualized in intuitive dashboards, helping decision-makers quickly grasp the situa-
tion and take action. Additionally, the model can be designed to trigger alerts when certain thresholds are
reached, such as a sudden increase in forecasted demand or workforce shortages, providing early warning
and allowing for more proactive planning.

Training the staff on how to interpret the results and how to make adjustments based on their expertise
will be important. While the model can provide data-driven insights, there should be a mechanism for
manual inputs, allowing users to adjust the model’s outputs based on expert knowledge or external factors
not captured by the model.

9.7.4 Next Steps

The next phase of the project involves working on a detailed roadmap for implementation within the
Field Service Hub. This roadmap will outline the timeline and tasks needed to operationalize the model,
including the necessary technical integrations, staff training, and any adjustments to the existing infras-
tructure. Ensuring the model is real-time capable and easy to update with new data will be crucial for
its long-term success.

9.8 Future Research Directions and Improvements

While the current forecasting model provides valuable insights for production capacity planning at ASML,
there are several areas where future research could lead to further improvements in accuracy, robustness,
and operational efficiency.

9.8.1 Testing and Generalizability

To test the generalizability of the model, it should be applied in different use cases and industries. This
would help assess whether the forecasting techniques developed for ASML’s FSH can be applied to other
sectors with similar capacity planning challenges.

9.8.2 Investigating the Supply Side

One important future research direction is the incorporation of supply-side factors into the model. Cur-
rently, the focus is primarily on the demand side, but understanding and incorporating the supply chain
dynamics, including supplier reliability and inventory levels, could further optimize production planning.
For instance, integrating known future orders as a feature could improve the model’s accuracy, but would
require historical data on past future orders, which is not readily available.
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9.8.3 Panel Data and Advanced Models

The decision to use time-series data instead of panel data was made due to the advantages of time-series
models. However, future research could explore using panel data with more advanced models, such as
neural networks, to capture more complex relationships between variables. Transforming the used panel
data into a usable time-series format was necessary for this project, but in future studies, using more
complex models could enhance the model’s predictive power.

9.8.4 Bias in Forecasting Models

The current model shows unexpected results, with Strategy 3 performing better than Strategy 2, even
though Strategy 3 adds a buffer that theoretically should lead to higher errors. This suggests a possible
bias in the model, likely due to the limited historical data available. Future research could focus on
understanding and mitigating this bias by training the model on more representative data that better
captures fluctuations in demand.

9.8.5 Preventing Overfitting

Given the small number of timesteps in the dataset, the model is at risk of overfitting. Many parameters
were changed to optimize for cost, which might have led the model to fit too closely to the available
data. Future research should explore robust optimization techniques to reduce the risk of overfitting and
improve the model’s performance on unseen data.

9.8.6 Cost of Undercapacity and Overcapacity

Investigate the factor 3 in cost for undercapacity versus overcapacity. How expensive are late orders
exactly?

9.8.7 ARIMA Strategy Improvement

For ARIMA, all strategies are strictly worse than the total error comparison. This is mostly because
the most important month to predict, 3 months ahead (the time to scale) is different than the starting
point. Since the ARIMA setup is almost a Naive Forecast, it will not perform well. In future research, it
might be interesting to look into different strategies or to choose the ARIMA setup (p,d,q) based on the
strategy error instead of the total error.

In conclusion, while the current model offers substantial improvements over ASML’s benchmark, future
research directions outlined above could make the model more robust, scalable, and capable of handling
a wider range of variables, scenarios, and use cases.
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Chapter 10

Reflection

This thesis has focused on developing and testing a forecasting model to improve production capacity
planning at ASML’s Field Service Hub. The key findings provide valuable insights for optimizing produc-
tion capacity, improving operational efficiency, and reducing costs for both ASML and more general cases.
The model offers a data-driven approach that surpasses the current benchmark in terms of accuracy and
cost, with practical implications for both ASML’s workforce management and operational model.

10.1 Insights Created

10.1.1 Forecasting

The development and evaluation of the forecasting models revealed that machine learning techniques such
as XGBoost and Random Forest outperformed the benchmark in terms of forecast accuracy and overall
production capacity planning. XGBoost was found to be the most cost-effective, but it introduced higher
production delays and more volatility in workforce planning. On the other hand, ARIMA demonstrated
strong robustness in minimizing delays and maintaining workforce stability, although it required more
FTESs to meet demand.

This research also highlighted the importance of balancing the trade-offs between forecast accuracy,
cost minimization, and production stability. While XGBoost achieved the lowest cost, ARIMA was
most effective in preventing production delays and stabilizing staffing levels. Therefore, the choice of
model should align with the organization’s priorities, whether to minimize costs or to maintain a steady
production flow.

10.1.2 Production Capacity Optimization

By optimizing capacity planning based on more accurate demand forecasts, organizations can make more
informed decisions regarding staffing levels and production scheduling. For organizations prioritizing
production time and stability, ARIMA (Strategy 3) appears to be the most effective solution. However,
if cost reduction is the primary goal, as in this study, XGBoost (Strategy 1) may offer a more attractive
balance between cost efficiency and operational stability. The model simulations demonstrated that,
compared to the benchmark, the proposed strategies offer superior performance not only in reducing
forecast error but also in aligning workforce capacity with demand fluctuations. This alignment minimizes
the risk of both overcapacity and undercapacity, leading to more efficient resource allocation and cost
savings. Ultimately, the improved model offers ASML the ability to respond more proactively to changes
in demand, leading to a smoother, more flexible production environment.

10.2 Implications for the Research Field

This research contributes to the broader field of production capacity planning and forecasting by demon-
strating the value of integrating predictive and prescriptive models. While simpler time-series models such
as ARIMA performed well, this study shows the potential of more advanced machine learning models,
like XGBoost, for cost minimization in production planning.

Additionally, the use of jitter tests for robustness analysis adds to the literature on model stability
under real-world conditions. Future research could further explore integrating supply-side variables,
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macroeconomic factors, and more complex forecasting models such as neural networks to enhance the
predictive power of production planning tools.

10.3 Strategic Benefits for ASML

The insights gained from this research offer significant strategic benefits for ASML, particularly in its
production planning and capacity management. Implementing the forecasting models proposed in this
study can result in:

e Improved Capacity Planning: The adoption of a more accurate forecasting model can reduce
errors by up to 37% compared to the benchmark, leading to better resource allocation.

e Proactive Decision-Making: By relying on data-driven insights rather than subjective assess-
ments, ASML can transition towards more proactive operations at FSH. The model enables better
alignment between workforce capacity and demand, allowing the organization to mitigate risks of
production delays or underutilization.

e Operational Flexibility: The model’s ability to anticipate demand shifts and adjust staffing
levels accordingly contributes to greater operational flexibility. For example, it can help ASML
navigate the seasonal variation in workforce capacity, ensuring higher productivity during periods
of undercapacity and avoiding strain during high-demand periods.

10.4 Final Remarks

In conclusion, this forecasting and optimization model offers ASML and other organizations an oppor-
tunity to significantly improve their production capacity planning processes. By leveraging machine
learning to enhance forecast accuracy and operational efficiency, the model can help to better align
workforce capacity with fluctuating demand.

Although further refinement of the model is possible, especially by incorporating more data and
supply-side factors, the current model represents a strong foundation for more effective capacity plan-
ning at ASML’s FSH. Ultimately, this research highlights the importance of data-driven forecasting in
enhancing production efficiency and minimizing costs.
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