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Abstract

Material Requirements Planning (MRP) is widely used to translate production plans into procurement
and inventory decisions. Its performance can deteriorate in environments characterised by demand
uncertainty and frequent material changeovers. In such settings, deterministic MRP models often set
safety stocks for changeover materials to zero in order to minimise material obsolescence. This in-
creases vulnerability to stockouts, minimum-order-quantity rush orders and last-minute procurement
costs. This thesis investigates whether simulation-based optimisation can be used to parametrise
safety stock levels for changeover materials in a deterministic mixed-integer programming MRP model
to improve rolling-horizon performance in a stochastic production environment.

A framework is developed in which the manufacturer’s existing MRP optimisation model is treated as
a black box and is embedded in an Optimisation with Simulation-based Iterations (OSI) structure. To
better represent robustness in the MRP logic, a hard safety stock constraint is introduced through which
safety stock levels are optimised for groupedmaterials. Demand uncertainty ismodelled using historical
weekly production plans, analysed through a method based on block bootstrapping and kernel density
estimation (KDE). This analysis showed that nearly all observed variability in the production plans is
demand-driven rather than induced by planning decisions.

The framework is tested using a Full Enumeration optimisation technique, and experimented on dif-
ferent simulation settings, material grouping strategies, uncertainty variants and safety stock variants.
Although the proposed approach is technically feasible and yields a reproducible method for evaluating
safety stock policies under uncertainty, the final optimisation does not deliver an obsolete stock costs
improvement caused by the addition of safety stock. Low safety stock levels consistently performed
best, suggesting that a generic safety stock policy for changeover materials is not effective under the
current objective structure and framework setup. The main contribution of this thesis is methodological:
it demonstrates how simulation-based optimisation can be applied to an industry-scale, black-box MRP
environment. It also highlights the challenges of translating robustness into measurable system-wide
gains when only obsolete stock costs are optimised. The findings indicate that future research should
adopt broader objective functions and further refine material grouping and uncertainty scenarios to
better capture material- and scenario-specific trade-offs.

ii



Contents

Acknowledgements i

Abstract ii

Figures vi

Tables viii

Terminology ix

1 Introduction 1
1.1 Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Problem statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Research questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Use case . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Research approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.6 Core methodology: Sim-Opt framework . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.7 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Literature review 7
2.1 Literature search selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.1 Inventory control systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2.2 Material changeovers and lot-sizing . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2.3 Sources of uncertainty in MRP . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.2.4 Parametrisation of MRP under uncertainty . . . . . . . . . . . . . . . . . . . . . . 9
2.2.5 Simulation-based optimisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2.6 Sim-Opt techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 Contributions to literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3 Current state of the manufacturer’s MRP process 16
3.1 Manufacturer’s MRP process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.1.1 Demand uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.1.2 Current safety stock policy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.2 MRP optimisation tool . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2.1 MRP-Opt model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4 Data analysis 23
4.1 Data availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2 Production plan analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

4.2.1 Sources of uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.2.2 Demand uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
4.2.3 Zero-truncated delta distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2.4 Subcategories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.3 Material analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3.1 Categorisation of demand patterns . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3.2 ABC analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

5 Modelling framework 33
5.1 Hard safety stock constraint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.2 Optimisation parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5.2.1 Hard Safety Stock assignment variants . . . . . . . . . . . . . . . . . . . . . . . 34
5.3 Objective function and decision variable . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

iii



Contents iv

5.4 Optimisation method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
5.5 Material group classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
5.6 Items in the Sim-Opt framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
5.7 Uncertainty assignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

5.7.1 Artificial uncertainty variants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
5.8 Sim-Opt procedure settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

6 Experimental results 42
6.1 Sim-Opt settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

6.1.1 S1: Weeks in horizon . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
6.1.2 S2: Number of simulations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

6.2 HSS and uncertainty variants experiments . . . . . . . . . . . . . . . . . . . . . . . . . . 45
6.2.1 A: No uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
6.2.2 B: Realistic uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
6.2.3 C: Perturbation in next simulation week when it is a changeover week . . . . . . 47
6.2.4 D: Perturbation in next simulation week when it’s the maximum changeover week 47
6.2.5 HSS and uncertainty variants results . . . . . . . . . . . . . . . . . . . . . . . . . 48

6.3 Perturbation size experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
6.4 Proof-of-concept experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

7 Discussion 56
7.1 Main interpretation of the results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
7.2 Understanding the limited performance . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
7.3 MRP-Opt structure and introducing hard safety stock . . . . . . . . . . . . . . . . . . . . 57
7.4 Uncertainty assignment approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
7.5 Material grouping and material representation . . . . . . . . . . . . . . . . . . . . . . . . 59
7.6 Optimisation method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
7.7 Contribution to literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
7.8 Practical implications for the manufacturer . . . . . . . . . . . . . . . . . . . . . . . . . . 60

8 Conclusion 61
8.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
8.2 Recommendations for further research . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

8.2.1 Broaden the objective function . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
8.2.2 Move toward material-specific safety stock policies . . . . . . . . . . . . . . . . . 63
8.2.3 Refine the uncertainty modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
8.2.4 Explore robustness measures beyond safety stock . . . . . . . . . . . . . . . . . 63
8.2.5 Improve computational scalability . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
8.2.6 Validate the framework with practical planning cases . . . . . . . . . . . . . . . . 64

References 65

A AI statement 68

B MRP-Opt inputs & outputs 69
B.1 MRP-Opt input . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
B.2 MRP-Opt output . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

C Statistical metrics 71
C.1 Sample standard deviation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
C.2 Standard error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
C.3 Coefficient of variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
C.4 Delta . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

D Delta distributions per block 72

E Delta distributions of CMG subcategories 77

F Demand pattern classification 80

G S2 Number of simulations result 81



Contents v

H A Experiments results 82

I B Experiments results 83

J C Experiments results 90

K D Experiments results 91

L Perturbation size Experiments results 92

M Scientific paper 99



List of Figures

1.1 Sim-Opt framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1 Note. From ”Hybrid simulation–optimization methods: A taxonomy and discussion.”, by
G. Figueira, and B. Almada-Lobo, (2014), Simulation Modelling Practice and Theory, 46,
p. 118–134 (https://doi.org/10.1016/j.simpat.2014.03.007) . . . . . . . . . . . . . . . . . 11

3.1 SDA process of the manufacturer’s MRP . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.2 Domain model MRP at manufacturer (with 1-5 being the MRP-Opt sub-objectives) . . . 18

4.1 Production plan block bootstrapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.2 Metrics of all deltas per rolling 4-week block . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.3 Delta distribution with PDF of block 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.4 Metrics of nonzero deltas per rolling 4-week block . . . . . . . . . . . . . . . . . . . . . 28
4.5 Zero-truncated delta distribution with PDF of block 1 . . . . . . . . . . . . . . . . . . . 28
4.6 Metrics of nonzero deltas per rolling 4-week block for subcategories GA02 & FA01 . . . 29
4.7 Demand pattern classification method . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.8 Material demand classification of changeover materials (enlarged) . . . . . . . . . . . . 31
4.9 Pareto distribution of ABC analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

5.1 Objective function value structure example . . . . . . . . . . . . . . . . . . . . . . . . . 35
5.2 Realistic uncertainty assignment levels in the Sim-Opt procedure . . . . . . . . . . . . . 38
5.3 Perturbation in next simulation week when it is a changeover week . . . . . . . . . . . . 40
5.4 Perturbation in next simulation week when it is the maximum changeover week . . . . . 40

6.1 S2 Experiment simulation objective values and their running sample mean . . . . . . . 44
6.2 HSS and uncertainty variants experiments . . . . . . . . . . . . . . . . . . . . . . . . . . 45
6.3 Variants experiments results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
6.4 Perturbation size experiments results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

D.1 Zero-truncated delta distribution with PDF of block 1 . . . . . . . . . . . . . . . . . . . 72
D.2 Zero-truncated delta distribution with PDF of block 2 . . . . . . . . . . . . . . . . . . . 73
D.3 Zero-truncated delta distribution with PDF of block 3 . . . . . . . . . . . . . . . . . . . 73
D.4 Zero-truncated delta distribution with PDF of block 4 . . . . . . . . . . . . . . . . . . . 73
D.5 Zero-truncated delta distribution with PDF of block 5 . . . . . . . . . . . . . . . . . . . 74
D.6 Zero-truncated delta distribution with PDF of block 6 . . . . . . . . . . . . . . . . . . . 74
D.7 Zero-truncated delta distribution with PDF of block 7 . . . . . . . . . . . . . . . . . . . 74
D.8 Zero-truncated delta distribution with PDF of block 8 . . . . . . . . . . . . . . . . . . . 75
D.9 Zero-truncated delta distribution with PDF of block 9 . . . . . . . . . . . . . . . . . . . 75
D.10 Zero-truncated delta distribution with PDF of block 10 . . . . . . . . . . . . . . . . . . 75
D.11 Zero-truncated delta distribution with PDF of block 11 . . . . . . . . . . . . . . . . . . 76
D.12 Zero-truncated delta distribution with PDF of block 12 . . . . . . . . . . . . . . . . . . 76
D.13 Zero-truncated delta distribution with PDF of block 13 . . . . . . . . . . . . . . . . . . 76

E.1 Mean of nonzero deltas per rolling 4-week block for subcategories . . . . . . . . . . . 78
E.2 Standard deviation of nonzero deltas per rolling 4-week block for subcategories . . . 79

F.1 Material demand classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

vi



List of Tables

2.1 Conceptual and methodological framework for literature review . . . . . . . . . . . . . . 7
2.2 Recent studies on MRP under uncertainty (’X’ when parameter is considered) . . . . . . 9
2.3 Overview of Sim-Opt techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4 Research gaps of analysed literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.1 Example safety stock levels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Mathematical notation of the MRP-Opt model . . . . . . . . . . . . . . . . . . . . . . . . 21

4.1 Shares of observed variability in production plans . . . . . . . . . . . . . . . . . . . . . . 24
4.2 Shares of observed (non)zero deltas in block 1 . . . . . . . . . . . . . . . . . . . . . . . 26
4.3 Shares of observed (non)zero deltas in all blocks B1 to B13 . . . . . . . . . . . . . . . . 27
4.4 Occurrence of product types in all production plans (U-Z represent product types) . . . 29

5.1 Material group classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
5.2 Example item dataset (empty rows contain classified information) . . . . . . . . . . . . . 37
5.3 Sim-Opt procedure settings example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

6.1 S1 Experiment settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
6.2 S1 Experiment result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
6.3 S2 Experiment settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
6.4 S2 Experiment result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
6.5 Variants experiments Sim-Opt settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
6.6 Experiment A1 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
6.7 Experiment B2 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
6.8 Experiment C3 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
6.9 Experiment D4 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
6.10 Perturbation size Experiments test items . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
6.11 Perturbation size Experiments Sim-Opt settings . . . . . . . . . . . . . . . . . . . . . . . 51
6.12 Proof-of-concept Experiment test item . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
6.13 Proof-of-concept Experiment Sim-Opt settings . . . . . . . . . . . . . . . . . . . . . . . 53
6.14 Proof-of-concept Experiment result part 1 . . . . . . . . . . . . . . . . . . . . . . . . . 54
6.15 Proof-of-concept Experiment result part 2 . . . . . . . . . . . . . . . . . . . . . . . . . 55

B.1 Overview of data inputs and their descriptions . . . . . . . . . . . . . . . . . . . . . . . . 69
B.2 Overview of optimisation output and their descriptions . . . . . . . . . . . . . . . . . . . 70

G.1 S2 Experiment result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

H.1 Experiment A1 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
H.2 Experiment A2 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
H.3 Experiment A3 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
H.4 Experiment A4 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

I.1 Experiment B1 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
I.2 Experiment B2 result part 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
I.3 Experiment B2 result part 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
I.4 Experiment B3 result part 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
I.5 Experiment B3 result part 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
I.6 Experiment B4 result part 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
I.7 Experiment B4 result part 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

vii



List of Tables viii

J.1 Experiment C1 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
J.2 Experiment C2 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
J.3 Experiment C3 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
J.4 Experiment C4 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

K.1 Experiment D1 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
K.2 Experiment D2 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
K.3 Experiment D3 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
K.4 Experiment D4 result . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

L.1 Perturbation size Experiment A1 item-level result . . . . . . . . . . . . . . . . . . . . . 92
L.2 Perturbation size Experiment A4 item-level result . . . . . . . . . . . . . . . . . . . . . 93
L.3 Perturbation size Experiment D1 item-level result (P = 123) . . . . . . . . . . . . . . . 94
L.4 Perturbation size Experiment D1 item-level result (P = 1234) . . . . . . . . . . . . . . . 94
L.5 Perturbation size Experiment D1 item-level result (P = 12345) . . . . . . . . . . . . . . 94
L.6 Perturbation size Experiment D1 item-level result (P = 123456) . . . . . . . . . . . . . 94
L.7 Perturbation size Experiment D4 item-level result (P = 123) . . . . . . . . . . . . . . . 95
L.8 Perturbation size Experiment D4 item-level result (P = 1234) . . . . . . . . . . . . . . . 96
L.9 Perturbation size Experiment D4 item-level result (P = 12345) . . . . . . . . . . . . . . 97
L.10 Perturbation size Experiment D4 item-level result (P = 123456) . . . . . . . . . . . . . 98



Terminology

Abbreviation Definition
ACO Ant Colony Optimisation
ANN Artificial Neural Network
API Application Programming Interface
B2B Business-to-Business
BOM Bill of Materials
BO Bayesian Optimisation
CMG Common Material Group
DQN Deep Q-Network
DOS Days of Sales
EI Expected Improvement
EOQ Economic Order Quantity
ERP Enterprise Resource Planning
FMCG Fast-Moving Consumer Goods
FOQ Fixed-Order Quantity
FOP Fixed-Order Period
GA Genetic Algorithm
GP Gaussian Process
HSS Hard Safety Stock
IPA Infinitesimal Perturbation Analysis
KDE Kernel Density Estimation
KPI Key Performance Indicator
LR Likelihood Ratio
LS Lot-Sizing
LT Lead Time
MCS Monte Carlo Simulation
MDP Markov Decision Process
MILP Mixed-Integer Linear Programming
MIP Mixed-Integer Programming
MOQ Minimum Order Quantity
MRP Material Requirements Planning
MRP-Opt Material Requirements Planning Optimisation tool
MPS Master Production Schedule
OSI Optimisation with Simulation-based Iterations
PDF Probability Density Function
PG Parameter Group
PI Probability of Improvement
PSO Particle Swarm Optimisation
RL Reinforcement Learning
RSM Response Surface Methodology
R&S Ranking and Selection
SA Simulated Annealing
SAA Sample Average Approximation
SBO Simulation-Based Optimisation
SBM Simulation Budget Management
SDA Sequential Decision Analytics
SGD Stochastic Gradient Descent
Sim-Opt Simulation-based Optimisation framework

ix



List of Tables x

Abbreviation Definition
SS Safety Stock
S&OP Sales and Operations Planning
TS Tabu Search
UCB Upper Confidence Bound
VNS Variable Neighbourhood Search



1
Introduction

This chapter provides context about the topics discussed in this research. It will state the problem on
which this study is based and defines the research scope. After defining the research questions, the
use case on which the research will be applied is explained. Finally, the proposed research methods
are presented.

1.1. Context
An important process in production systems is inventory control, as a flawed replenishment policy can
result in material shortages or unnecessarily high stock levels [2]. An approach to inventory control in
supply chains is Material Requirements Planning (MRP). MRP is defined as an intelligent information
and decision-making system. It is designed to determine quantities and procurement timing of raw ma-
terials needed in a manufacturing system’s production schedule. Given that material costs frequently
constitute 60% to 90% of total production costs [3], the effective management of inventory through MRP
is essential for profitability. MRP is an inventory control system which converts a Master Production
Schedule (MPS) into material requirements and planned order schedules for inventory and production
control [3]. To do this, it uses information on inventory, lead times, lot-sizing and the bill of materials
(BOM). A BOM is a document that describes all the materials, components and instructions for manu-
facturing or repairing a specific product [4]. The demand for components is derived from the production
levels of the end product, making MRP a dependent demand planning tool.

Three levels of planning exist in supply chain management. The strategic level represents long term
planning under a high degree of uncertainty, considering all processes in an organisation. A level below
that is tactical planning, concerning medium term planning where some more certainty exists. At the
lowest level, operational planning considers day to day plans which are very detailed. At this level,
MRP typically assumes a static product structure. The BOM and other information are treated as given
inputs while the system computes the requirements and proposes the order schedules. This system
works well for products with a stable design. However, many fast-moving consumer goods (FMCG)
have frequent changes in packaging and product selection. This creates the need for changeover
materials in the supply chain, which are needed to transition a production line from producing one item
to the next. Packaging lines, for example, have to perform material changeovers for new packaging
designs or specific packaging and labels for marketing campaigns. Non-changeover materials on the
other hand, are standard, predictable materials which are consistently used in the operation. Producing
FMCG can therefore make assuming a static product structure at the operational level invalid.

At the tactical planning level, MRP tools must therefore incorporate material changeovers. These trans-
itions, sometimes described as rollover planning, must be timed very accurately. Timed too early, pre-
viously used materials may become obsolete. Timed too late, and the marketing campaign misses
the intended window [5]. Ideally, the new product would be introduced as the old inventory depletes,
since leftover inventory results in write-offs. Reaching this ideal is difficult because of uncertainty in de-
mand and supply [6]. It requires strict coordination between marketing and operations departments, as
marketing calendars set hard constraints, while operations try to execute a feasible and cost-efficient
production. Processes which try to improve the coordination, such as Sales and Operations Planning
(S&OP), also require quantitative decision-making when a supply chain becomes too complex.

An advanced way of formulating MRP problems is through Mixed-Integer Programming (MIP). MIP is
used to solve problems in which both discrete and continuous decision-making occurs. An example of

1
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a discrete decision is whether or not to perform a changeover to a new material in a given week, while
the number of produced pieces is typically modelled as a continuous variable. A MIP model tries to
minimise or maximise a certain objective function, such as costs. MIP-based production planning is a
very common modelling method. In practice, the MIP models are frequently run in a sequential, rolling
horizon manner, for example as weekly re-optimisations. This way, updated information on demand,
inventory positions and revised material requirements can be incorporated into the model over time.
Although a MIP model is solved exactly, the decision-making environment which it tries to represent
is not deterministic. Changes in demand, lead time uncertainty and disruptions in the supply chain
make planning in these environments stochastic. Future inventory levels are for example affected by
the present uncertainty and the decisions made today. A common way to work around uncertainty
is by adding robustness to the MIP model. This can be done with safety stocks, or buffer inventory,
which reduce the risk of running out of materials under uncertainty [7]. The buffers provide more of an
indication of uncertainty than a complete representation of it. Parametrising safety stock levels presents
a trade-off between safety stock costs, obsolete material costs and rush order costs. While having
having higher safety stock levels causes more inventory costs, it could prevent rush orders in certain
situations, preventing costs related to last-minute orders. At the same time, these larger inventories can
also cause material obsolescence for changeover materials, resulting in costs for disposal for example.

Historically, planning parameters are often been calibrated only once, leading to performance degrad-
ation as environmental conditions evolve and variations occur. This leads to viewing the weekly re-
optimisation process not as an isolated deterministic problem, but as an approximation of a Sequential
Decision Analytics (SDA) problem. SDA problems try to find a policy which performs well over time
and under uncertainty [8]. They do not necessarily provide a strong optimum for a single run. SDA
and modern stochastic optimisation frameworks highlight that the performance of a problem should
be assessed across sequences of decisions. This can be done using simulation and designs that ex-
plicitly model uncertainty, rather than treating it only through buffers. Thus, the research focus shifts
from optimising one deterministic solution to re-optimising a decision process over time under uncer-
tainty. This is especially relevant in a fast-moving production environment, where timing and material
obsolescence risks are essential.

1.2. Problem statement
This research will study the problem of dealing with uncertainties in a stochastic production environ-
ment. MRP is widely used in manufacturing environments to translate production plans into material
procurement and inventory decisions. While deterministic MRPmodels performwell for stable products,
their effectiveness deteriorates in environments characterised by frequent material changeovers and
stochastic demand. Therefore, a current shortcoming in MRP is the planning of changeover material
stocks. Because of uncertainty in demand, costly rush orders which have minimum order quantities
(MOQ) could be triggered. On the other hand, the stochastic demand can also cause material obsoles-
cence. Despite these risks, industrial MRP tools often reduce safety stocks for changeover materials
to zero in order to minimise obsolete inventory. The lack of safety stock for these materials increases
the risk of running out of materials. This could already happen when demand patterns increase slightly
compared to the current predictions. This problem is particularly concerning as this can lead to dispro-
portionately high costs due to the need for last-minute ordering.

Advanced MRP tools increasingly rely on deterministic Mixed-Integer Programming (MIP) models with
rolling horizon re-optimisation. However, the robustness to uncertainty is still largely addressed through
static planning parameters such as safety stocks or lead times. Previous research shows that such
parameters strongly influence system performance over time. It is therefore beneficial to determine
these parameters from a sequential decision perspective rather than a deterministic setting. Most
existing studies on this topic focus on standard materials and do not explicitly account for the unique
risks associated with changeover materials. This provides a research gap, which this study tries to fill.
This research addresses how safety stock levels for changeover materials should be determined in a
stochastic MRP environment. The objective is to improve rolling horizon performance by developing a
framework that calibrates safety stocks, while treating the existing deterministic MRP optimisation as a
black box. To keep this research feasible, it will focus on creating a scalable framework, while testing
with a small subset of materials and changeovers.
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1.3. Research questions
To perform the study on the problem discussed in Section 1.2, the following main research question
was established:

How can simulation-based optimisation be used to parametrise safety stocks of changeover materials
in a deterministic MIP model, such that rolling horizon performance improves in a stochastic MRP en-
vironment?

In order to provide a thorough answer to the main research question, several underlying research
questions will be answered throughout this report. How these questions will be answered, is discussed
in Section 1.5. These questions will help with defining a conclusion, and are stated as follows:

RQ1. What is the state of the art on determining planning parameters in MRP under uncertainty?

a) How is uncertainty in MRP currently modelled and mitigated in literature?
b) How are safety stocks of changeover materials determined in literature?
c) What planning parameters influence the robustness of the MRP environment?
d) What methods are used to parametrise planning parameters in stochastic MRP environ-

ments?
RQ2. What is the current state of the manufacturer’s MRP process?

a) What are the key sources of uncertainty in the MRP changeover process?
b) What do the uncertainties in the system look like?
c) How are planning parameters currently determined?
d) How are material changeovers modelled in the MRP-Opt tool?
e) What are the objectives, constraints and decision variables?
f) What are the determined safety stock levels of changeover materials?

RQ3. How can simulation-based optimisation be used to optimise the safety stock levels?

a) What method(s) can be used to optimise the safety stock levels?
b) What are the optimisation objective, variable and parameter(s)?
c) What sources of uncertainty should be considered when parametrising the safety stocks?
d) How can the discovered stochasticity be represented in the simulations?
e) How do the tuned parameters compare to the currently used planning parameters (in terms

of KPIs, computational performance, etc.)?
f) How does the approach perform in other scenarios, such as different levels of uncertainty?

1.4. Use case
This study will be applied on the MRP of a large manufacturing company. The manufacturer oper-
ates several stochastic production environments throughout a global supply chain. It follows a B2B
strategy, producing consumer goods made from raw materials, and selling them to wholesalers and
retailers. Included in the supply chain are production, packaging, storage and distribution across mul-
tiple operating companies and facilities worldwide. A decentralised organisational structure plays a role
in the complexity of planning within this manufacturing environment. A large product and brand vari-
ety, together with deviating production requirements and marketing campaigns per operating company,
makes planning even more difficult. The planning environment relies on consistent decision-making
and standardised data to reach desired performance and to minimise costs.

To tackle the complexity of planning changeovers, the manufacturer has invested in advanced planning
and optimisation software. It partnered with specialised analytics providers, like ORTEC, to improve
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global planning performance in its supply chain. ORTEC developed an advanced tool for the manu-
facturer’s MRP process specifically. The Material Requirements Planning optimisation (MRP-Opt) tool
optimises material planning and changeover scheduling across a planning horizon, aiming to balance
marketing constraints and material stocks across the full supply chain. It is built using Mixed-Integer
Programming (MIP), which is a mathematical optimisation technique used to find the best solution to
complex problems. The optimisation problem is expressed as a deterministic MIP model, with safety
stocks used as a heuristic for robustness. The tool has provided substantial benefits in terms of plan-
ning efficiency and coordination. In this research, the MRP-Opt MIP is treated as a black box. This
is due to the fact that it is not possible to analytically represent the MIP as the logic in this tool is very
complex.

The manufacturer has acknowledged that the tactical MRP process could be more robust, especially
to be able to handle demand fluctuations better and to mitigate the risks associated with the current
safety stock approach. However, any enhancement of the tool’s robustness must be done while keep-
ing the optimisation tractable. In other words, the tool must maintain its efficiency and the ability to
process large-scale supply chain decisions. Therefore, the goal is to develop a more adaptive safety
stock approach that balances the trade-off between stock costs and ensuring operational robustness
under uncertainty. Improving the robustness of the MRP process could help the manufacturer increase
operational efficiency and reduce operational costs and the likelihood of disruptions in the supply chain.

1.5. Research approach
To answer the research questions in Section 1.3, several methods are proposed. RQ1 focuses on
the state of the art on MRP under uncertainty and simulation-optimisation (Sim-Opt) techniques. An
extensive literature review is performed to see which methods are used in literature and which research
gaps the current literature has. Relevant sources are found using search queries and are sourced from
scientific databases such as Scopus and ScienceDirect. The literature review is presented in Chapter
2.

RQ2 focuses on the current state of the manufacturer’s MRP, and the material changeovers that hap-
pen within it. To analyse how the changeover process is currently planned by the manufacturer and
modelled in its MRP-Opt tool, a current state analysis is performed. This analysis provides insights on
how the safety stock levels are currently determined and how they can be improved. A domain model is
developed which represents the connections between different components of the changeover process.
The building blocks of the MIP underlying the MRP-Opt tool is described to the reader through a math-
ematical notation, including its objectives and relevant constraints. The current state analysis can be
found in Chapter 3. To get an idea the uncertainties in the manufacturer’s MRP system, a data analysis
is performed. The data analysis aims to find the sources of uncertainty. It also aims to represent the
stochasticity as realistically as possible. To do this, historical production plans are analysed based on a
block bootstrapping method. The findings of this analysis help with representing the uncertainty in the
proposed framework. Similarly, a material analysis is performed on the materials in the manufacturer’s
MRP, to be able to classify them according to their characteristics. The data analysis can be found in
Chapter 4.

To answer RQ3, a more detailed explanation of the proposed methods is required, as this is the main
body of this research. The aim of this research question is to find safety stock levels through the Sim-
Opt procedure, testing different optimisation methods, assignments of uncertainty and settings. Section
1.6 illustrates the proposed Sim-Opt framework. The framework is explained through a conceptual
model, based on which the actual model is built and explained in Chapter 5. Several experiments are
performed in Chapter 6 to find reliable model settings and to test it in different scenarios. The results
of these experiments are then discussed in Chapter 7.

1.6. Core methodology: Sim-Opt framework
To substantiate the decisions made in this research regarding the proposed Sim-Opt framework, the
taxonomy proposed by Figuera and Almada-Lobo was consulted [9]. The taxonomy categorises Sim-
Opt into purpose and hierarchical structure, among others. The simulation purpose of this study is to
evaluate the solutions of the system that it represents. The system being the manufacturer’s material
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changeover process within its MRP, while the solutions that will be evaluated will say something about
the performance of this process. Section 2.2.5 will dive deeper into the different purposes for using Sim-
Opt and how the two components can interact with each other. Section 2.2.6 describes a multitude of
Sim-Opt techniques, all with their own advantages and challenges. The optimisation objective and
decision variable, together with a more detailed explanation of how the Sim-Opt procedure works, is
given in Chapter 5.

Regarding the hierarchical structure, the proposed Sim-Opt framework can be described as Optimisa-
tion with Simulation-based Iterations (OSI). This means that the simulation module is embedded within
the iterations of an optimisation procedure. It can be used to evaluate the results of specific input
settings. OSI is particularly suitable for complex systems characterised by stochastic behaviour and
non-linear relationships. While OSI can offer a high level of modelling realism, it can be computation-
ally demanding due to the repeated execution of simulation runs throughout the optimisation process.
The effectiveness of OSI methods depends on efficient search strategies, careful management of sim-
ulation budgets, and the use of sampling techniques which balance solution quality and computational
efforts.

Figure 1.1: Sim-Opt framework

As can be seen in Figure 1.1, the iterative optimisation procedure is the leading component of the
Sim-Opt framework. During each iteration, multiple complete simulations are run to evaluate solutions.
Multiple simulations are run to cover the stochasticity and provide a reliable result. The simulation
module serves as a performance evaluation mechanism in which the MRP-Opt model is run multiple
times, imitating the Sequential Decision Analytics MRP problem at the manufacturer. The Sim-Opt
objective is retrieved from this simulation module. Each MRP-Opt run represents one week, while a
simulation represents the actual sequential MRP process that takes place at the manufacturer in a
weekly manner. Figure 1.1 shows the hierarchy between the safety stock optimisation procedure, the
simulations which represent the full MRP changeover process, and the executions of the MRP-Opt
model which represent one instance of the sequential decision analytics (SDA) process.
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1.7. Outline
The remainder of this thesis is structured as follows. Chapter 2 presents a literature review on Ma-
terial Requirements Planning under uncertainty, safety stock parametrisation, and simulation-based
optimisation techniques. Chapter 3 analyses the current state of the manufacturer’s MRP process and
describes the MRP-Opt model used in practice. In chapter 4, a data analysis of production plans and
materials is provided, focusing on uncertainty modelling and material classification. Chapter 5 intro-
duces the proposed simulation-based optimisation framework and details the modelling choices made
in this research. The experimental setup is presented and the obtained results are discussed in chapter
6. Chapter 7 reflects on these findings, discusses their implications and relates them to the existing
literature and practical application. Finally, Chapter 8 presents the conclusions of this research and
provides recommendations for future work.



2
Literature review

This chapter will explain the search selection that was used to find relevant literature for this literature
review. After this, it will analyse the state of the art on the parametrisation of MRP systems under
uncertainty and the different techniques for doing this. Finally, it will present the contributions of this
study to contemporary literature.

2.1. Literature search selection
To find relevant sources for this research, the search selection in Table 2.1 was used. The Table
describes the concept groups for which keywords were selected. The truncation shows how the concept
groups were used to find relevant sources in search engines. Most sources were found on Scopus
and ScienceDirect, while others were found using forward and backward snowballing. No additional
selection criteria were consistently used.

Table 2.1: Conceptual and methodological framework for literature review

Concept groups Material Requirements Planning; SDA methods; Uncertainty in supply chains;
Simulation-based optimisation

Keywords Material Requirements Planning: MRP; inventory; inventory management; inventory
control; tactical; material changeover; minimum order quantity; MOQ; supply chain;
planning; changeover; network flow
SDA methods: sequential decision analytics; SDA; mixed-integer programming; MIP;
mixed-integer linear programming; MILP; deterministic; stochastic; parameter; para-
meter tuning; parametrisation; reparametrisation; data-driven; learning; machine-
learning; machine learning; reinforcement learning; Markov Decision Process; MDP
Uncertainty in supply chains: redundancy; safety stock; stock; buffer inventory; buf-
fers; uncertainty; robust; robustness; demand fluctuations
Simulation-based optimisation: simulation; simulation environment; simulation-
based; optimisation; technique; method; algorithm; gradient-based; surrogate-based;
metaheuristic; simheuristic; statistical; hybrid approach

Truncation (Material Requirements Planning) AND (SDA methods)
(Material Requirements Planning) AND (Uncertainty in supply chains)
(Material Requirements Planning) AND (Simulation-based optimisation)
(SDA methods) AND (Uncertainty in supply chains)
(SDA methods) AND (Simulation-based optimisation
(Uncertainty in supply chains) AND (Simulation-based optimisation)

2.2. Literature review
2.2.1. Inventory control systems
Besides MRP, several other production planning and control systems exist. These have been ex-
tensively analysed in literature, comparing the performance and resilience of the different strategies.
Jodlbauer and Huber (2008) researched the robustness and stability of MRP, Kanban, CONWIP and
DBR [10]. To assess robustness, they looked at how the systems performed in dynamic environments,
while for stability they checked the sensitivity to parameter changes. Their findings show that CONWIP
often achieves the highest service levels under optimal conditions. However, it lacks robustness when
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uncertainty increases in the environment it operates in. MRP demonstrated the highest stability of all
the strategies, which means its performance is least sensitive to small changes in parameters. How-
ever, the research also noted that MRP, a push-based system, can be less robust than other pull-based
systems. This happens mostly when MRP faces immediate variations, as the system only accounts for
these changes during the next scheduled planning run.

2.2.2. Material changeovers and lot-sizing
Material changeovers refer to the set of activities required to transition a production line from processing
one material or product variant to another. This process is particularly relevant in manufacturing envir-
onments with high product variety or short production runs, where changeovers happen frequently [11].
The changeover process typically begins with the termination of the ongoing production run. Operators
halt machines, secure equipment, and remove any remaining materials from the preceding production
batch. This is done to prevent contamination and the waste of materials. It also makes sure that the
quality of the next product is guaranteed. This stage often involves cleaning parts of the production
line, such as conveyor belts and mixing vessels. Next, the process moves into the setup configuration
phase. This phase makes sure that machines, tools, or processing parameters are adjusted to match
the specifications of the new product and its materials. This may involve mechanical adjustments,
such as replacing molds, as well as digital or parameter-driven changes, such as updating machine
programs or modifying feed rates.

Once the mechanical and digital settings are up to date, operators often perform a trial run. During
this calibration phase, a small quantity of the new product is processed to verify that the equipment
operates according to required quality standards. Technicians or quality inspectors may measure out-
put characteristics, which depend on the product. If deviations are detected, corrective adjustments
are executed before full-scale production starts. This ensures that the production line is compliant
with predefined requirements. The final stage of the changeover process consists of documentation
and process confirmation. Operators record the completion of the changeover and communicate the
updated production status in digital systems such as Enterprise Resource Planning (ERP) platforms.
These platforms are used to enable real-time visibility of the production process.

Material changeovers, often referred to as product rollover strategies, are an important driver of plan-
ning complexity in already complex supply chains. They often result in material loss and unnecessary
costs. Lim and Tang researched the optimal timing and pricing for single-product and dual-product
rollovers [5]. With single-product rollovers, phasing-out the old product and introducing the new product
happens simultaneously. Dual-product rollovers allow for temporary co-existence of the two products
in the supply chain. According to their research, dual-product rollovers are optimal when the marginal
costs of old and new products are similar.

Another relevant research area is about the differences between theoretical MRP models and opera-
tional constraints. Javadi et al. analysed different lot-sizing methods in previous literature [3]. With
lot-sizing, the optimal quantity to produce in each time period is determined. They identified that tradi-
tional lot-sizing methods, such as Economic Order Quantity (EOQ), often fail in practical applications.
This is because they do not account for constraints which are specific for suppliers, such as MOQs
and packaging sizes of batches. Their research developed a novel lot-sizing method and production
scheduling algorithm that integrates these constraints into the MRP system. This provides a more prag-
matic solution that prevents fragile planning outputs, which could lead to stockouts or obsolescence
of materials when demand is uncertain. Fiorotto et al. researched the impact of setup carryover and
setup crossover in lot-sizing problems [12]. A setup carryover makes it possible to begin a period with
the previous item’s setup state, while in a setup crossover, a setup operation can be split across two
consecutive periods. Their study demonstrated that allowing for flexible setup decisions results in more
flexibility to find better solutions and reduced operational costs.
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2.2.3. Sources of uncertainty in MRP
Uncertainty in supply chains has been studied extensively in literature. Tordecilla et al. performed a
literature review on scientific studies about Sim-Opt methods for designing supply chains under un-
certainty [13]. Their study shows that cost optimisation is often the objective, while multi-objective
approaches remain rare. The review revealed that demand uncertainty is most frequently researched
in supply chain network design, far more than other sources of uncertainty such as capacity and costs.

Different sources of uncertainty have been studied within MRP specifically as well. Demand uncertainty,
for example, captures flawed demand forecasts and the variability in customer orders [14]. It could lead
to material stockouts or obsolescence, especially considering the bullwhip effect. Supply lead times
provide another uncertainty, which can result in delays and inventory shortages. Yield uncertainty
stems from problems with capabilities or product quality [15]. While other sources of uncertainty in MRP
exist, the three mentioned risks are most frequently considered in current research. To mitigate these
uncertainties, buffers can be implemented in the supply chain. For demand and lead time uncertainty,
safety stock and safety lead time are commonly used to provide a buffer. To mitigate yield uncertainty,
supplier diversification could be an option [16].

For uncertainty in MRP, similar trends as revealed by Tordecilla et al. [13] are seen. Barros et al.
performed a systematic literature review about safety stock dimensioning under uncertainty and risk in
the procurement process [15]. It selected relevant publications and categorised them according to the
researched sources of uncertainty. The review shows that demand uncertainty is considered mostly
when dimensioning safety stocks in MRP environments. In contrast to lead time and yield uncertainty,
which have not been studied extensively. Combinations of demand and lead time uncertainty, and
demand and yield uncertainty were often considered in research on multiple uncertainties.

2.2.4. Parametrisation of MRP under uncertainty
This section focuses on determining planning parameters for MRP under uncertainty. Scientific pub-
lications will be analysed and the state of the art about methods used to solve MRP problems under
uncertainty will be discussed. As literature reviews on this topic, such the study of Barros et al. [15],
have been performed in the past, this literature review aims to find relevant studies which were mostly
published recently. Table 2.2 presents recent literature together with the type of planning parameter
analysed, the objective of the study and the applied methods.

Table 2.2: Recent studies on MRP under uncertainty (’X’ when parameter is considered)

Study Planning Parameter Objective Method(s) applied
SS LT LS

Seiringer et al. (2025) [17] X X X min. total costs Simulation
Werth et al. (2022) [18] X X X multiple Simulation-based optimisation

& Metaheuristics
Seiringer et al. (2022) [19] X X X min. total costs Simulation-based optimisation

& Metaheuristics
Seiringer et al. (2021) [20] X X min. total costs Metaheuristic & simulation
Thevenin et al. (2021) [21] X X min. total costs Two-stage & Multi-stage

stochastic optimisation
Gansterer et al. (2014) [22] X X X service- & inventory

level
Simulation-based optimisation

Abbreviations: safety stock (SS), lead time (LT), lot-sizing (LS).

Determining planning parameters of MRP systems facing uncertainty is a critical challenge in production
environments. The values of these parameters has immediate impact on service and inventory levels,
and effects the total operational costs. Traditional MRP often assumes deterministic demand. This
requires the selection of planning parameters to be independent to create buffers which cover stochastic
variability. Recent literature highlights the importance of integrated approaches to replace manual
parameter selection, especially in highly complex, multi-echelon supply chains. Thevenin et al. for
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example, suggests that integrating the computation of lot sizes and safety stocks in a single framework
provides better results, compared to computing them separately [21]. To overcome the sub-optimality
of determining these parameters separately, they proposed multiple stochastic optimisation models.
Their study compared two-stage (static) and multi-stage (dynamic) models, proving that multi-stage
programs provide better reactivity. Their findings confirm that integrating these computations into a
single framework removes the imaginary gap between planning tasks. This results in substantial cost
savings compared to traditional safety stock policies, such as the base-stock policy of Graves and
Willems [23].

Gansterer et al. investigated the efficiency of various optimisation methods in a make-to-order envir-
onment [22]. They found that a Variable Neighborhood Search (VNS) outperformed other methods in
effectively searching large parameter spaces. As the dimensions of production systems increase due
to multiple materials, computational complexity becomes a substantial problem. Werth et al. tries to
address this problem by utilising a metaheuristic algorithm for multi-objective optimisation, combined
with surrogate-assisted filtering and parameter clustering [18]. Their research showed that grouping
materials by technology or production volume allows for high-dimensional optimisation of a real world
scenario. Their approach can outperform current planning strategies while maintaining computational
tractability.

The dynamic nature of demand forecasts in a rolling horizon environment often causes system nervous-
ness. Frequent updates in demand forecasts lead to unstable production plans over time. Seiringer et
al. explored this by developing a safety stock exploitation heuristic, designed to mitigate the unfavour-
able effects of periodic forecast updates in MRP [17]. Their study found that the Fixed-Order-Quantity
(FOQ) lot-sizing policy is generally superior to the Fixed-Order-Period (FOP) policy under high uncer-
tainty. This is because a FOP policy triggers inefficient, small-volume orders. Their results also provide
the interesting insight that underestimating demand is significantly more costly for a manufacturer than
overestimation. This is due to the higher cost penalties for backorders carry, compared to costs for
holding excess inventory. Research into the rolling horizon approach supports viewing MRP as a SDA
problem. Campuzano-Bolarín et al. researched a rolling horizon simulation, together with lot-sizing
approaches, for managing demand with lead time variability [24]. Their research used system dynam-
ics simulation to update real-time demand information and re-plan orders at a minimum cost. The key
outcome of this study is that periodic re-planning generates better results regarding total costs and the
reduction of the bullwhip effect compared to non-sequential methods.

Recent studies have introduced simheuristics to help define MRP parameters with limited simulation
budgets. Seiringer et al. integrated Simulated Annealing (SA) and a Simulation Budget Management
(SBM) concept to enhance search robustness [19]. The SBM concept improves search efficiency by
skipping non-promising simulation iterations, leaving computational capacity for exploring broader lar-
ger parameter spaces. The key outcome of this research is that the combination of SA and SBM
identifies parameter configurations that most effectively cover uncertainty, resulting in the lowest over-
all costs. Another research, by Seiringer et al., explored computational experiments which reveal that
the proposed advanced heuristic extensions, significantly outperform basic heuristic parameter selec-
tion [20]. Integrating the second extension indicated that the algorithm can rapidly navigate complex
search spaces. It identifies near-optimal parameter configurations under a limited simulation budget.
These results highlight the potential for simheuristics to mitigate the negative effects of demand and
lead-time uncertainty in multi-stage production environments.

Several advanced methodologies have been researched to solve sequential planning problems under
stochastic conditions. Table 2.2 shows that in recent literature, combinations of simulation-based optim-
isation (SBO), metaheuristics and multi-stage stochastic programming were used to solve problems in
MRP environments. Another methodology, called reinforcement learning (RL), is a widely used method
for capturing uncertainty in supply chain management [25]. RL is a data-driven approach in which an
autonomous agent learns to make decisions in an unknown environment by reacting to the associated
outcomes [26]. In a study by Wang et al., RL was combined with a multi-agent simulation model as
a strategy for dynamic inventory replenishment in a complex manufacturing environment [27]. Their
research demonstrated that an RL-based agent can learn to adjust inventory parameters dynamically.
This resulted in significant improvements in supply chain performance compared to static policies.
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2.2.5. Simulation-based optimisation
Within hybrid Sim-Opt frameworks, the specific purpose assigned to the simulation component can be
seen as a distinction between various research areas. According to Figueira and Almada-Lobo, these
purposes can be categorised into four distinct roles: evaluation function , surrogate model construction,
analytical model enhancement, and solution generation [9]. The first two categories are described as
solution evaluation approaches, which can be used when the underlying response surface of a problem
is unknown. For these purposes, simulation is used iteratively to assess the performance of candid-
ate solutions, thereby guiding search moves and validating optimisation progress. Surrogate models
use simulation output to build a problem-independent approximation of the system that is researched.
This is searched directly by the optimisation module to find favourable regions, without having to run
the computationally demanding underlying problem. Analytical model enhancement is utilised when
a problem-specific analytical model exists but requires refinement. Examples are adjusting capacity
parameters based on waiting times for a capacity allocation problem or extending a model to incor-
porate stochastic scenarios. Finally, solution generation involves simulation as the primary vehicle for
producing the final solution. Optimisation is then used for internal computations without the need for
simulation feedback to select between alternatives.

Figueira and Almada-Lobo further refine the interaction between the simulation and optimisation mod-
ules by a hierarchical structure [9]. This structure defines the functional dependence and the frequency
of feedback between the two components. Figure 1.1 shows the hierarchical structure plotted against
the different simulation purposes. Optimisation with simulation-based iterations represents a configura-
tion where complete simulation runs occur within the iterations of an optimisation procedure to evaluate
the quality of specific solutions. The alternate Sim-Opt structure involves both modules running in an
alternating fashion, where either or both may run completely or incompletely in each iteration to pro-
gressively refine the results. Sequential Sim-Opt follows a simple linear chronological order where one
component executes once, and its output is used by the following component to conclude the process.
Simulation with optimisation-based iterations is a structure where a complete optimisation procedure
is performed within the broader execution of a simulation process. The optimisation procedure can
for example perform specific sub-tasks. Moving through these four categories, a trend can be seen.
While the optimisation procedure gets more prominent, the total frequency of simulation runs relative
to optimisation iterations decreases.

Figure 2.1: Note. From ”Hybrid simulation–optimization methods: A taxonomy and discussion.”, by G. Figueira, and B.
Almada-Lobo, (2014), Simulation Modelling Practice and Theory, 46, p. 118–134 (https://doi.org/10.1016/j.simpat.2014.03.007)
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2.2.6. Sim-Opt techniques
In current literature, many different simulation-based optimisation techniques have been studied. This
study covers a wide range of different methods, but will not describe every available technique. While
different ways of categorising these techniques exist, Table 2.3 shows how they are categorised in this
study.

Table 2.3: Overview of Sim-Opt techniques

Method category Techniques
Gradient-based Simultaneous Perturbation Stochastic Approximation (SPSA), Infinitesimal Perturba-

tion Analysis (IPA), Likelihood Ratio (LR)
Surrogate-based Response SurfaceMethodology (RSM), Kriging, BayesianOptimisation (BO), Artificial

Neural Network (ANN)
Metaheuristics Genetic Algorithms (GA), Particle Swarm Optimisation (PSO), Simulated Annealing

(SA), Tabu Search, Variable Neighbourhood Search (VNS), Ant Colony Optimisation
(ACO), Deep Q-Networks (DQN)

Statistical Methods Ranking & Selection (R&S), Sample Average Approximation (SAA), Monte Carlo Sim-
ulation (MCS)

Gradient-based algorithms
Gradient-based algorithms are methods that iteratively improve decision variables by following estim-
ates of the gradient of the objective function. This enables efficient navigation of high-dimensional
continuous search spaces. Gradient-based algorithms are primarily utilised when the objective func-
tion is differentiable [28]. These algorithms operate through an iterative update mechanism, where an
estimate of the objective function’s gradient is used to determine the optimal search direction toward
an optimal solution [29]. The general mathematical framework typically involves a stochastic approx-
imation approach, which can be categorised into Robbins-Monro or Kiefer-Wolfowitz algorithms. The
former when unbiased gradient estimators are available, the latter when estimators are only asymptot-
ically unbiased, such as those derived from finite-difference approximations [29]. The iterative process
adjusts decision variables by a step size proportional to the estimated gradient.

The effectiveness of these optimisation routines is highly linked to the precision of gradient estimation,
frequently referred to as sensitivity analysis. Direct estimation techniques, such as infinitesimal perturb-
ation analysis (IPA) and the likelihood ratio (LR) or score function methods, are widely utilised because
they often yield unbiased estimators [28]. IPA functions by computing a sample-path gradient estimator
simultaneously with the simulation process, making it an efficient choice for various stochastic models
[29]. The LR method uses knowledge regarding the probability distributions of the underlying random
variables and the sample performance functions to derive gradient settings [29].

For high-dimensional optimisation problems where direct methods may be computationally expensive
or inapplicable, indirect techniques like simultaneous perturbation stochastic approximation (SPSA)
offer a robust alternative. SPSA is distinguished by its extreme computational efficiency, as it requires
only two objective function measurements per iteration to approximate the gradient regardless of the
number of decision variables involved [30]. This feature provides a significant advantage over traditional
finite-difference stochastic approximation, which requires a number of evaluations proportional to the
problem’s dimensionality. Furthermore, in the context of large-scale simulation optimisation, stochastic
gradient descent (SGD) has emerged as a predominant method because its optimisation accuracy is
independent of the total dataset size, making it computationally superior to standard gradient descent
for managing massive datasets [29].

Surrogate-based algorithms
Surrogate-based algorithms, also referred to asmetamodelling, are designed to address the challenges
of computationally expensive simulation models. They do this by substituting the simulation model with
a less exhaustive mathematical approximation. In simulation-based optimisation, the evaluation of a
primary numerical model can require significant time and resources, which makes traditional iterative
search methods impractical. Surrogate models provide an approximating function for the system’s
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performance that is inexpensive to compute, facilitating a more efficient exploration of the decision
space [28]. The use of these algorithms introduces a structural element of error that must be taken into
account for accurate decision-making. However, they are essential for optimising complex real-world
systems where the objective function is analytically intractable and direct simulation is expensive [31,
32].

Common methodologies within this field include Response Surface Methodology (RSM) and Kriging,
which is also known as Gaussian Process Regression. RSM uses a set of statistical and mathemat-
ical techniques, typically involving local linear or second-order regression models, to identify optimal
operating conditions. It does this by fitting models to specific regions of the search space [22]. Kriging
serves as a global metamodel that approximates outputs across the entire search space through a
predictor [31]. An important feature of Kriging is its ability to quantify prediction uncertainty through
the mean square error, the so-called Kriging variance. This variance represents the likelihood of a
response given the observed data. Using an infill criterion, Kriging allows algorithms to balance local
exploitation and global exploration as they sequentially select new points to simulate and update the
model [31].

Bayesian optimisation (BO) is a sequential strategy employed to optimise objective functions that are
analytically intractable and computationally expensive to evaluate. This approach is particularly relev-
ant for simulation-based optimisation (SO) problems where the objective or constraints lack an analyt-
ical form and must be estimated through simulations. The methodology is based on the construction
of a surrogate model, often a Gaussian process, which serves as a computationally efficient approxim-
ation of the expensive simulation [29]. The ability to quantify uncertainty is an important characteristic
of Bayesian optimisation, as it allows the algorithm to focus its efforts on areas where information is
lacking [18]. Artificial Neural Networks (ANN) function as a supervised learning technique inspired by
the human nervous system [33]. This method is capable of building non-linear relationships between
decision variables and simulation results. ANN is widely recognised for its high accuracy and flexibility
in treating problems with non-linear structures, although it generally requires larger datasets compared
to other metamodelling approaches to ensure effective mapping and avoid overfitting [33].

Metaheuristics
Metaheuristics represent algorithms that are inspired by nature. They are designed to address com-
plex real-world optimisation problems that are often analytically intractable. These algorithms serve
as powerful tools for navigating decision spaces where the feasible set is either infinite or too large
for a comprehensive simulation [28]. The effectiveness of a metaheuristic depends on the balance
between local improvement and global exploration of the search space. By integrating metaheurist-
ics in computer simulations, researchers can evaluate the performance of potential solutions under
stochastic conditions without making the restrictive assumptions required for traditional mathematical
models. Jalali and Van Nieuwenhuyse found that among simulation-based optimisation techniques,
metaheuristics and hybrid techniques are most popular [28].

Population-based algorithms is one of the sub-categories in metaheuristics. They utilise multiple can-
didate solutions simultaneously to maintain diversity and to prevent premature convergence to local
optima [34]. Genetic Algorithms (GA) are the most widely employed method in this group, which mimic
the biological process of natural selection through iterative operations such as selection, crossover, and
mutation [34]. Other population-based methods include Particle Swarm Optimisation (PSO) and Ant
Colony Optimisation (ACO). PSO is inspired by the social behaviour of bird flocking or fish schooling,
while ACO is modelled after the foraging behaviour of real ant colonies. In contrast to population-based
approaches, single-solution metaheuristics focus on improving a single candidate solution through local
search procedures. Simulated Annealing (SA) is a well-known method in this category, inspired by ther-
modynamics. SA avoids being trapped in local minima by occasionally accepting non-improving solu-
tions based on a decreasing probability [35]. Tabu Search (TS) is another local search metaheuristic
that uses memory mechanisms to discourage the search from revisiting recent solutions or becom-
ing trapped in cycles. Furthermore, Variable Neighbourhood Search (VNS) operates by systematically
changing neighbourhood structures during the search process to also escape local optima [22].

Recent literature has increasingly applied reinforcement learning (RL) techniques to inventory prob-
lems. According to research by Zabraoui et al., RL is found to be very adaptable and is able to handle
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dynamic uncertainties [36]. Deep Q-Networks (DQN) model inventory and resource control as Markov
Decision Processes (MDP) to learn policies that maximise cumulative rewards [36]. To further enhance
performance, these methods are frequently combined into hybrid frameworks, sometimes referred to
as simheuristics. These hybrid methods integrate metaheuristics like GA or SA with adaptive learning
and possibly intelligent simulation budget management to optimise systems in supply chain analytics
[19].

Statistical methods
Monte Carlo Simulation (MCS) is a probabilistic sampling technique used within simulation-based optim-
isation, particularly useful for modelling non-dynamic systems [37]. This methodology can be combined
with global search algorithms to estimate the relationship between input parameters and objective out-
comes through iterative exploration [38]. Similarly, the Sample Average Approximation (SAA) method
uses sampling techniques to replace an analytically intractable stochastic optimisation problem with a
deterministic approximation. Ranking and Selection (R&S) procedures are designed for optimisation
problems where the feasible set consists of a discrete and relatively small number of alternatives. The
primary objective of R&S is to identify the single best solution with a pre-specified level of statistical
confidence.

2.3. Contributions to literature
Table 2.4 describes the strengths and weaknesses of the literature discussed in Section 2.2.4. These
studies are, to the best of the author’s knowledge, the only studies which have recently researched
the parametrisation of planning parameters in MRP under uncertainty specifically. The following para-
graphs report the specific research gaps identified within the analysed literature that emphasise the
relevance of the proposed research.

Table 2.4: Research gaps of analysed literature

Study Strengths Limitations & research gaps

Seiringer et al. (2025) [17] Developed a safety stock exploit-
ation heuristic, which can mitig-
ate the negative impact of incor-
rect demand predictions;

Future work could explore more ad-
vanced optimisation algorithms and a
more complex application

Werth et al. (2022) [18] Application on a high-
dimensional real world case;
Multi-objective approach

Future research could address other
objectives and constraints

Seiringer et al. (2022) [19] Simheuristics used for parameter
optimisation; Proposed an intelli-
gent simulation budget manage-
ment to skip irrelevant solutions

Does not consider interdependency
of optimised planning parameters;
Application is a simple production
system; Used a single objective

Seiringer et al. (2021) [20] Analysed a rolling horizon MRP
with random demand, lead time
and setup times

The use of a basic production system
as application; Ignores the lot-sizing
parameter

Thevenin et al. (2021) [21] Joint optimisation of lot-sizes and
safety stock; Compared a two-
stage and multi-stage stochastic
approach for different decision
frameworks

Multi-stage model requires heavy
computational time, research on
stage-wise decomposition methods
could address this problem; Ignores
the lead time parameter

Gansterer et al. (2014) [22] Used hierarchical planning; Eval-
uated/compared different optim-
isation methods

Influenced by typical make-to-order
situations specific to suppliers in the
automotive industry; Used identical
parameter settings for all products

An important research gap in current production planning literature is the limited focus on specific types
of uncertainty. The complexities associated with demand timing are often ignored. Recent simulation
studies, such as Seiringer et al. [17], explicitly state that their models address demand quantity uncer-
tainty while excluding demand shifting or changes in demand due dates. Similarly, earlier simheuristic
frameworks acknowledge that other sources of uncertainty, besides order sizes and machine setup
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times, are frequently ignored in order to keep the model simple [20]. The timing of rollover windows
and material changeovers are critical to minimise the risks of stockouts and material obsolescence.

Current research mostly focuses on the optimisation of safety stocks and lead times for standard, stable
materials. Although studies like Lim and Tang [5] have researched optimal product rollover strategies,
there is a notable lack of literature addressing the unique requirements of changeover materials in com-
bination with parametrisation of other planning parameters. In existing industrial tools, safety stocks
for these transitional materials are often reduced to zero to mitigate the risk of leftover inventory and
resulting cost write-offs. This approach can be very efficient in deterministic scenarios. Nevertheless,
this policy introduces extreme vulnerability to a supply chain in a stochastic environment. Small fluctu-
ations in demand can trigger costly MOQs and high costs for last minute orders. This identifies a need
for a comprehensive safety stock system that provides robustness during material transitions.

This study focuses on determining safety stocks for changeover materials in MRP under uncertainty.
The manufacturer’s MRP will be considered as an SDA problem, where planning parameters will be
re-optimised in a sequential manner. There are multiple ways to solve SDA problems, including multi-
stage stochastic programming and RL. Although efficient in certain environments, those methods don’t
scale well to industry-sized problems. As seen in the analysed literature, a promising approach is a
combination of simulation-based optimisation and metaheuristics to determine planning parameters.
In this study, the planning parameters will be optimised using Simulated Annealing in a stochastic
simulation environment. The manufacturer’s MRP provides a complex application for parametrising
MRP under uncertainty. The combined approach of optimisation, simulation and other techniques,
applied on a large-scale real world industry use case, could enhance current literature.

In this study, the MRP-Opt model used to optimise the manufacturer’s MRP process, can be considered
a black box. This is because the MRP-Opt model is very complex and it is not possible to analytically
represent it. This also provides a research gap for this research, as the system which is represented
by the simulation in other studies is often largely adapted. To the best of the author’s knowledge,
considering the MRP system as a black box in a Sim-Opt study, applied on an industry-size problem,
is not common in literature.



3
Current state of the manufacturer’s

MRP process

This chapter describes the current state of the manufacturer’s MRP process. It will discuss the demand
uncertainty that plays a role in this process, and ways of mitigating this uncertainty. Next, it will elaborate
on how the material changeover process is currently modelled by the manufacturer.

3.1. Manufacturer's MRP process
The MRP process at the manufacturer can be described as a sequential decision analytics (SDA)
process. The manufacturer uses a MIP model in its MRP-Opt tool to optimise its MRP, described
in detail in Section 3.2. The MIP is solved every week. New data is constantly fed to the MRP-Opt
tool through constant daily or weekly data flows or manually by users at the manufacturer. Each week,
the MIP is solved at the same moment, with updated data, and the planning cycle repeats itself the
next week. At the end of each week, or planning cycle, a snapshot of the data at that moment is made
and saved into a casefile for future reference. The model is used to make decisions over a longer
time period. The MRP-Opt tool optimises over a horizon of 52 weeks, so 1 year into the future. The
decisions made and actions taken influence the future state of the MRP process. The manufacturer’s
MRP process is used to look well ahead into the future, determining stock levels and procurement
plans, and optimising changeover timing. They do this based on forecasted demands. This means
that determined stock levels and procurement plans for a certain week intuitively get more accurate as
this week is getting closer. Figure 3.1 describes themanufacturer’s SDA process, where theMRP-Opt’s
MIP is run each week with updated information. With this data, the model optimises the changeover
timing over a set period of time, 15 weeks in this example.

Figure 3.1: SDA process of the manufacturer’s MRP

Figure 3.2 describes the different domains within the MRP process, and how they interact. A production
plant receives a production plan, which indicates what quantity of a certain product or products the
brewery needs to produce in a certain week. It also states on what resource in the production plant
this product needs to be made. The production process, and implicitly the production plan, results in
finished products. In return, the demand for finished products is input for future production plans. The
production plan uses the bill of materials (BOM), which indicates what raw materials are needed and

16
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what the production process of a finished product looks like. The BOM determines how much of certain
materials is used during production. If the production plan indicates that a product needs a new label,
while last week it had another label, the production process requires a material changeover. Material
usage depletes the stock levels, which can be located at the production plants, but also at vendors.
The stock levels at all locations are taken into account during the MRP process. The material stocks
can have different requirements, depending on their location. For example, the safety stock of a raw
material can deviate per location. Depletion of material stocks trigger call-offs, which is a request for
the delivery of a specific material, based on a predetermined contract. Having materials in stock costs
money, as well as ordering materials at vendors and being left with obsolete stock. The costs which
are a result of the MRP process, consist of these three components. Costs are determined weekly per
material-location combination.

The MRP process works towards several objectives. They are determined based on a certain priority
level, meaning one can be more important to the manufacturer than the other. These objectives are
also placed within the domain model in Figure 3.2. The legend numbers the objectives in order of
priority, while they are placed between the domains. For example, objective 1 is placed within the
costs domain. Material changeovers can result in obsolete materials which will not be used any more,
resulting in unwanted costs. Objective 1 tries to minimise these obsolete materials, and therefore the
obsolete stock costs. The objectives are explained in more detail in Section 3.2.1.
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Figure 3.2: Domain model MRP at manufacturer (with 1-5 being the MRP-Opt sub-objectives)
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3.1.1. Demand uncertainty
Demand uncertainty plays an important role in the stochasticity in Material Requirements Planning
(MRP) environments. Especially in SDA settings, it can have a disproportionate impact on material
planning decisions. It originates from inaccuracies in demand forecasts, variability in customer orders
and changes in demand timing. In the manufacturer’s MRP process, demand for materials is derived
downstream from finished product forecasts through the bill of materials. This can cause forecast er-
rors to propagate upstream and increase through the supply chain. This amplification is often called
the bullwhip effect. It makes inventory levels and replenishment decisions already sensitive to small de-
mand deviations. With a weekly re-optimised MRP model, such forecast updates can lead to changes
in planned production and procurement volumes. This increases system nervousness and reduces the
stability of material flows. As a result, demand uncertainty has a direct effect on inventory costs and
the feasibility of planned production schedules.

3.1.2. Current safety stock policy
A planning parameter which has a great influence on MRP costs is safety stock. Safety stocks are a
means of adding robustness in case of variant production demand. They can help reduce the risk of
stockouts when a last minute spike in demand increases production levels. Stockouts slow down the
production which costs money. On the other hand, they can also cause material redundancy. When
there is no rise demand and the safety stock is therefore not used, safety stocks of phased out materials
can become obsolete. Obsolete material stocks also come with a price, so there is a certain balance to
be found concerning safety stocks. Meanwhile, having more materials in stock to act as a buffer also
increases costs, as it is simply idle capital.

The current safety stock policy at the manufacturer tolerates the assigned safety stock levels to not
be maintained in the MRP-Opt model. Because of the MRP-Opt objectives structure and safety stock
constraint, explained further in Section 3.2.1, the model allows stock levels to dive below the predefined
safety stock level. Therefore, the safety stocks currently maintained will be referred to as soft safety
stock. Themanufacturer currently determines safety stock values on amaterial-location level, meaning
the safety stock of a certain material can differ per production location or warehouse. The safety stock
levels have once been decided deterministically, meaning they are always the same. An important
note is that currently not all materials have safety stocks assigned to them, or for example not at every
location. Table 3.1 gives an idea of what the safety stock parameters look like, applied to a fictional
example.

Table 3.1: Example safety stock levels

Material Week 1 Week 2 Week 3 Week 4 .....
Packaging 1200 1200 1200 1200 .....
Labels 850 850 850 850 .....
Bubble wrap 0 0 0 0 .....
Tape 230 230 230 230 .....

3.2. MRP optimisation tool
To manage their MRP process, the manufacturer uses an optimisation tool, called MRP-Opt. This tool
is responsible for planning material changeovers and assisting replenishment planners with their invent-
ory management. The MRP-Opt model is built on a software platform on which it is possible to build
and manage optimisation models. This platform makes it easy to build a user interface so that users
can interact easily with the software and the optimisation model. The manufacturer’s replenishment
planners are therefore able to easily make changes to a production plan for example. The optimisation
model is automatically solved weekly on a scheduled time, using the newly submitted input data. Manu-
ally triggered optimisations are possible any time as well and are mostly used by planners for testing
different scenarios.

To optimise changeover timing, the tool considers all material stocks in the supply chain (at vendors
and production locations) to identify the best time to switch from one material to another. It would
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obviously be most ideal if a changeover happens when the stock of the obsolete material is fully de-
pleted. However, this is not always possible. Changeover materials can have a simultaneous tag,
which represents a link with another changeover material. It requires the changeover of these materi-
als to happen simultaneously. Therefore, it can happen that the stock levels of these materials are not
fully depleted and the manufacturer is stuck with leftover stock. It is also possible to assign sequential-
ity to a set of changeovers. Sometimes it is necessary to let a production process switch one material
first, after which another material can be switched later on. These changeovers do not have to take
place immediately after each other, but the first one does need to happen before the other.

The material changeovers in the manufacturer’s processes can have different structure types. The
simplest structure is switching from material A to material B permanently, representing a shift to a new
raw material in the production process. Due to temporary marketing campaigns, an A-B-A structure is
also possible. Packaging is for example changed for a certain period, and later changed back to its
original look.

3.2.1. MRP-Opt model
The MRP-Opt model optimises the changeover process using a deterministic mixed-integer program-
ming (MIP) model. MIP modelling is a mathematical optimisation technique which concerns the sys-
tematic identification of the best possible solution to a mathematical problem within a feasible region.
This region is defined by decision variables and a set of constraints. Some decision variables are re-
stricted to integers, while others can be continuous. The performance is evaluated through an objective
function that is either minimised or maximised. A basic optimisation problem can be expressed as:

min f(x) subject to g(x) ≤ b, (3.1)

where x denotes the decision variable, f(x) the objective function, g(x) a constraint function, and b a
bound [39].

A MIP model can be described using a mathematical notation, which creates a simplified mathematical
representation of a system. This notation, including sets, indices, parameters and decision variables,
is described in Table 3.2.
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Table 3.2: Mathematical notation of the MRP-Opt model

Sets and indices

L set of locations ℓ ∈ L
M set of materials m ∈ M
P set of products p ∈ P
R set of production resources r ∈ R
W set of weeks w ∈ W
C set of changeovers c ∈ C
D set of valid changeover tuples satisfying time-window constraints (ℓ, p, r,mf ,mt, w) ∈ D

Parameters

ptime
w ordering time penalty for week w [–]

pflowi,j flow penalty for shipping from location i to j [–]
cℓ,m effective material cost for material m at location ℓ [€]
uℓ, p, r,mf , w material usage at changeover c for tuple (ℓ, p, r,mf , w) [pieces]
Qfix

c fixed material usage for a changeover c [pieces]
SSℓ,m,w safety stock level of material m at location ℓ in week w [pieces]
inℓ,m,w incoming flow of material m at location ℓ in week w [pieces]
outℓ,m,w outgoing flow of material m at location ℓ in week w [pieces]

Decision variables

sℓ,m,w stock level of material m at location ℓ in week w [pieces]
xi,j,m,w flow of material m from location i to j in week w [pieces]
slackss

ℓ,m,w safety stock slack of m at manufacturing location ℓ ∈ L in week w [pieces]
cℓ,p,r,mf ,mt,w fraction of changeover completed for tuple (ℓ, p, r,mf ,mt, w) [0,1]
slackm

c material/resource slack for changeover c [pieces]
obsℓ,m,w obsolete stock of material m at location ℓ in week w [pieces]

The MRP model performs a multi-objective optimisation, consisting of the sub-objectives below. The
sub-objectives are listed in order of priority. When the optimisation is run, it fully optimises the first
objective, after which it continues with the next, and so on. This also means that when sub-objectives
are contradictory, the objective with the highest priority is dominant.

1. Obsolete stock costs: This objective minimises obsolete stock costs by penalising excess ma-
terials that become obsolete, weighted by material cost.

min
∑
ℓ∈L

∑
m∈M

cℓ,m · obsℓ,m,w (3.2)

2. Material slack during changeovers: This objective minimises the material slack variable by
penalising violations of material usage constraints during changeovers.

min
∑
c∈C

slackmc (3.3)

3. Changeover completion: This objective minimises uncompleted changeovers by minimising the
fraction of uncompleted changeovers within allowed time windows.

min
∑

(ℓ,p,r,mf ,mt,w)∈D

(1− cℓ,p,r,mf ,mt,w) (3.4)

4. Safety stock slack penalty: This objective minimises safety stock slack by penalising falling
below safety stock at production plants.

min
∑
ℓ∈L

∑
m∈M

∑
w∈W

slackssℓ,m,w (3.5)
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5. Ordering penalty: This objective minimises material flow by penalising placing orders too early
and using costly transport routes.

min
∑
i∈L

∑
j∈L

∑
m∈M

∑
w∈W

ptime
w · pflowi,j · xi,j,m,w (3.6)

Together, these sub-objectives guide the model towards reducing obsolete inventory, avoiding costly
slack in resource usage, efficient and timely changeovers, minimising stockouts and just-in-time order-
ing. The MRP tool optimises these objectives under a large number of constraints. Due to the many
constraints, not all constraints can be described in this report. However, there are two constraints which
are important to mention as they have a direct connection to the safety stock:

• Safety stock constraint: If a production facility ℓ uses a given materialm in a given week w, then
the available stock sℓ,m,w plus a slack variable slackssℓ,m,w must be at least the required safety stock
level SSℓ,m,w of this material. This constraint can be seen as a soft constraint, as the model allows
stock levels to fall below the established safety stock level value by adding the slack variable.

sℓ,m,w + slackssℓ,m,w ≥ SSℓ,m,w, (3.7)

• Location stock balance constraint: The stock level sℓ,m,w of material m at location l in week
w should be equal to the previous stock sℓ,m,w−1 in week w − 1 plus the incoming material flow
inℓ,m,w, minus the outgoing material flow outℓ,m,w.

sℓ,m,w = sℓ,m,w−1 + inℓ,m,w − outℓ,m,w (3.8)

Because these constraints contain the same decision variable sℓ,m,w, the MRP-Opt model has to find a
value for this variable which satisfies both constraints. When a value is found for sℓ,m,w which does not
satisfy the safety stock constraint, this is not a problem as the slack variable slackssℓ,m,w can become
as large as necessary. As the safety stock constraint is not a hard constraint, the stock levels of
certain changeover materials are sometimes optimised below the established safety stock level. The
stock levels can even be reduced to zero. This happens due to the priorities of the sub-objectives.
The decision variable sℓ,m,w is directly connected to the first sub-objective. The material stock of a
changeover material that had its changeover, becomes obsolete material stock obsℓ,cm,w. First and
foremost, the optimisation tries to minimise obsolete stock costs, even if this means going below the
safety stock level. Looking at sub-objective 4, the model also tries to minimise safety stock slack.
As these are contradictory, but sub-objective 1 has a higher priority, the safety stock slack is taken
for granted. When stock levels of these materials are optimised below the safety stock level, a risk
arises. It can result in unsolicited call-offs, when the demand for this material suddenly increases
above expectancy.

Some examples of other constraints present in the MRP-Opt model:

• Location material usage balance: this constraint makes sure that the materials used on a
resource at a certain production plant is equal to the demand for this material according to the
active BOM.

• Changeover happens exactly once: this constraint makes sure that a changeover can not
happen more than once.

• Simultaneous changeovers: this constraint makes sure that changeovers which are paired
through a simultaneous tag, actually take place at the same time.

• Changeover sequentiality: this constraint makes sure that a set of changeovers with sequenti-
ality happen in the correct sequence.

The MRP-Opt model uses a lot of input data and also produces a lot of output data. Table B.2 in
Appendix B mentions the output that the optimisation generates and what they mean. Table B.1 in
Appendix B gives an overview of all the input data that the model requires.



4
Data analysis

This chapter will provide a data analysis of relevant data that is either necessary to build the Sim-Opt
framework, or to use in the Sim-Opt procedure. It will first explain the data restrictions that this research
had to work with. Then, the production plans will be analysed to capture the stochasticity in them.

4.1. Data availability
The manufacturer saves data in the form of casefiles, which include all available data for the MRP-Opt
model to run. As described in Section 3.1, these casefiles are saved as snapshots of the data on a
weekly basis. The manufacturer has been consistently saving casefiles on a weekly basis as of October
2025. Although the data of 2 weeks is missing, this creates a fairly consistent availability of data for
about half a year. From before October 2025, very little data is available and is therefore disregarded.
Not having historic data from at least one full year, and preferably more years, created restrictions for
the data analysis. The reliability of the analysis is less solid because external influences and seasonal
changes in demand fore example are not fully captured by the available data.

A material can be used at multiple locations, or used for multiple products at the same location. These
material-location-product combinations are called items. These items could also be described as Stock
Keeping Units (SKUs). Much of the data is available on an item level. While items and materials can
sometimes by used simultaneously, there is a clear distinction.

4.2. Production plan analysis
The production plans were analysed to get a sense of the stochasticity involved. This analysis will
be used to guide the representation of the similar uncertainty in the production plans used in the Sim-
Opt framework. Quantifying the stochasticity will make the findings in this study more reliable, as the
uncertainty applied in the framework will be as realistic as possible. As described before, weekly data is
available. The same holds for the production plans, which were updated every week based on demand
forecasts and planning decisions.

4.2.1. Sources of uncertainty
The objective of this analysis was to determine what the source of the observed stochasticity in the pro-
duction plans is. A company expert suggested that a part of the variability might be caused by planning
decisions, such as reallocating production between locations and resources. It is important to know
whether this is a valid assumption or if the stochasticity can be fully attributed to demand uncertainty,
as this study focuses on applying demand uncertainty in the Sim-Opt framework. Demand variabil-
ity is implicitly incorporated in production plans, but the plans can have other sources of uncertainty
as well. Because of this, the observed variability was decomposed into a demand-driven component
and a planning-induced component. For this analysis, only products that are produced on multiple
location-resource combinations were taken into account.

Vardemand =
1

T

T∑
t=1

(
Qt − Q̄

)2 (4.1)

The demand-driven variancemeasures the variability in the total weekly production volume of a product,
and is calculated with equation 4.1. Here,Qt denotes the total quantity planned for production in week t,
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while Q̄ represents the average weekly production volume over the entire observation period consisting
of T weeks. This metric captures fluctuations in the overall production level and is interpreted as the
variability originating from changes in demand. If the weekly production volume varies substantially
over time, the demand-driven variance will be large.

Varplanning =
(
Q̄
)2 · L∑

l=1

[
1

T

T∑
t=1

(sl,t − s̄l)
2

]
(4.2)

The planning-induced variance measures the variability caused by changes in the allocation of produc-
tion across location-resource combinations. Equation 4.2 shows how it is calculated. Let sl,t denote the
share of the total weekly production volume assigned to location-resource combination l in week t, and
let s̄l denote its average share over the observation period. The variance of these shares reflects the
degree to which production is reallocated between locations and resources from week to week. Mul-
tiplying the share variance by the square of the average production volume, Q̄2, converts the variance
in dimensionless shares into a variance expressed in production quantities. This makes it comparable
to the demand-driven variance.

Demand share =
Vardemand

Vardemand +Varplanning
(4.3)

Planning share =
Varplanning

Vardemand +Varplanning
(4.4)

For each product, a demand share and a planning share are calculated with equations 4.3 and 4.4
respectively. The demand share represents the proportion of total observed variability that can be
attributed to fluctuations in total production volume The planning share represents the variability be-
longing to changes in production allocation.

Table 4.1: Shares of observed variability in production plans

Metric Value

Average demand-driven variance share 0.9998404
Average planning-induced variance share 0.0001596

The results presented in Table 4.1 show that the average demand-driven variance share equals 0.9998404,
while the average planning-induced variance share equals 0.0001596. This implies that more than
99.98% of the observed variability in production plans can be explained by changes in total production
volume, leaving less than 0.02% attributable to planning decisions. Consequently, the allocation of
production across location-resource combinations remains highly consistent over time and contributes
negligibly to the overall stochasticity observed in the production plans. This outcome implies that the
production planning process itself is very stable over time. This finding is important because it justifies
treating the uncertainty as primarily demand-driven and it eliminates the need to introduce an additional
stochastic layer for planning decisions.

4.2.2. Demand uncertainty
As the stochasticity can be attributed almost solely to fluctuations in demand, the next objective is to
quantify this uncertainty. From here onwards, when referring to uncertainty or something similar, we
refer to demand uncertainty, unless stated otherwise. Due to the restrictions in the data availability,
the stochasticity is analysed over a period of 6 months. This means that certain trends in demand,
caused by holidays or weather for example, are not fully represented in the analysed production plans.
It is however, important to get an idea of what the stochasticity looks like across a planning horizon of
a full year. Therefore, a method based on block bootstrapping was used to analyse the data. Block
bootstrapping is a resampling technique used in statistics to analyse serially correlated data [40]. The
data is cut into contiguous blocks, yielding independent samples. This method preserves the internal
correlation structure within each block and can identify regime behaviour. Figure 4.1 shows an example
of how 10 consecutive production plans would be analysed using this technique. By using this method,
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relative blocks are used to analyse demand stochasticity, instead of absolute blocks which is impossible
due to the data restrictions.

Figure 4.1: Production plan block bootstrapping

For every location-resource-product combination in the production plans, the production volume across
each 4-week blocks is calculated. The range of 4 weeks per block was chosen to account for local
changes, such as shifting volume to the neighbouring week. For each block, the deltas between con-
secutive production plans are determined. The goal is to identify how large these deltas are and how
they are distributed, to understand how much the production volumes change across the planning hori-
zon. With this information, a probability density function (PDF) is fitted for every block, which describes
the distribution of the deltas in the data. One calculation of a delta between two production plans for
block 1 looks as follows:

∆v1 = v1current − v1previous (4.5)

Where:

• ∆v1 = change in production volume
• v1current = production volume of block 1 in the current production plan
• v1previous = production volume of block 1 in the previous production plan

To create as many data points as possible to fit each PDF, the analysis is performed on location-
resource-product level. This means that the volume per block is calculated for every location-resource-
product combination. The deltas are therefore also determined at this level, providing as much data as
possible. To determine a representable delta for each block, the average of all deltas between consec-
utive production plans in that block was calculated. This, together with the standard deviation of the
deltas, is shown in Figure 4.2 for each block.
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(a) Mean of deltas per rolling 4-week block

(b) Standard deviation of deltas per rolling 4-week block

Figure 4.2: Metrics of all deltas per rolling 4-week block

These results give an idea about the expected delta between consecutive production plans, together
with the variation of the deltas in each block. The higher standard deviations in the first few blocks
suggest that a lot of demand uncertainty is present in the shorter planning horizon. This could be
explained by changes in production week between the blocks. The positive deltas in the first blocks,
in contrast to the negative deltas in later blocks, also indicate that production levels are increased in
the shorter horizon, while decreased on a medium to long planning horizon. Meanwhile, these results
might also indicate a seasonal pattern that overfitted due to the data restrictions. To fit the data of each
block to a PDF, kernel density estimation (KDE) is used. KDE is a non-parametric method used to
estimate the underlying probability density function of a random variable based on a finite set of data
points [41]. Instead of assuming a specific distributional form (like a normal distribution), KDE builds
the density estimate directly from the data. It does this by placing a smooth, symmetric function called
a kernel (e.g. a Gaussian) centred at each data point. The estimated density at any location is obtained
by summing the contributions of all these kernels. This results in a smooth curve that reflects where
data points are concentrated. Using KDE was necessary to provide a good distribution for this data.

Table 4.2: Shares of observed (non)zero deltas in block 1

Observations Share

Entire set of deltas 118896 1
Zero values 85844 0.72
Nonzero values 33052 0.28

Due to the shear number of blocks for which a PDF will be fitted, block 1 will be used as an example.
Figure 4.3 shows a histogram of the delta distribution in block 1, together with the PDF fitted by the
KDE method. The distribution of the deltas goes to several extremes. The histogram shows that there
is a huge concentration of deltas around zero. The PDF shows a very tall and narrow spike near zero
as well, representing the high density at the centre. The share of observations in which delta is zero is
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very high. Table 4.2 shows the distribution of (non)zero deltas which were observed. It states that 72%
of all delta observations in this block is zero, which substantiates what can be seen in Figure 4.3. This
indicated that the deltas can be described as zero-inflated data. What is barely visible in the histogram,
is that there are several outliers up until -90.000 and +90.000, which gives the PDF its long and thin
tails. Due to these extreme outliers, and the high number of zero observations, the central region looks
very compressed and is not very visible.

Figure 4.3: Delta distribution with PDF of block 1

Each 4-week block over a planning horizon of one full year has a unique distribution of (non)zero deltas
in that block. Table 4.3 shows the distributions of each block.

Table 4.3: Shares of observed (non)zero deltas in all blocks B1 to B13

Delta B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12 B13

Zero 0.72 0.68 0.67 0.64 0.64 0.65 0.65 0.66 0.67 0.67 0.68 0.69 0.70
Nonzero 0.28 0.32 0.33 0.36 0.36 0.35 0.35 0.34 0.33 0.33 0.32 0.31 0.30

4.2.3. Zero-truncated delta distribution
All blocks have similar shares of (non)zero delta observations. Due to the high share of zero obser-
vations in all blocks, it was decided to continue fitting a probability density function to only nonzero
values. This way, it would be possible to get a better idea of the actual distribution of deltas and this
would make it more visible as well. This split could be described as a hurdle formulation where the
nonzero distribution proposed in this section is zero-truncated [42]. The same analysis was performed
as in Section 4.2.2, but now simply only taking into account nonzero values. Figure 4.4 shows the
observed deltas, together with the standard deviation of these deltas, for each block. While the graphs
show similar trends, compared with Figure 4.2, the average deltas are much higher and their standard
deviations as well. This is logical due to the fact that all zero values are taken out of the equation.

Figure 4.5 shows a histogram of the zero-truncated delta distribution in block 1, together with the PDF
fitted by the KDE method. The plot shows that there is still a high concentration of deltas around the
centre, but much less than in Figure 4.3. The PDF also still has a very high density near the centre,
but the peak did became less narrow. Its tails are still very flat due to several extreme outliers. The
analysis shows that most of the observations are between -10.000 and +10.000. Appendix D shows
the zero-truncated distributions with PDFs for all 13 blocks across the horizon.
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(a) Mean of nonzero deltas per rolling 4-week block

(b) Standard deviation of nonzero deltas per rolling 4-week block

Figure 4.4: Metrics of nonzero deltas per rolling 4-week block

Figure 4.5: Zero-truncated delta distribution with PDF of block 1
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4.2.4. Subcategories
To see if a differentiation in the stochasticity of certain products exists, the same stochasticity analysis is
performed on some product groups. Table 4.4 shows the different product groups by CMG subcategory
code, and how many products are observed in all production plans and with that code. The same
analysis was performed as in Section 4.2.2, to see what the deltas between consecutive production
plans is across the planning horizon.

Table 4.4: Occurrence of product types in all production plans (U-Z represent product types)

CMG subcategory Product group description Observations

GA02 Finished products - U 3884
FA01 Semi-finished products - U 665
GA03 Finished products - V 298
FA02 Semi-finished products - V 38
GA11 Finished products - W 28
GA07 Finished products - X 24
GA06 Finished products - Y 14
GA10 Finished products - Z 3

Total 4954

The five smallest subcategories represent only 2.2% of the total number of products, and are there-
fore not taken into account. Their analysis results can be found in Appendix E. As the remaining
product groups GA02, FA01 and GA03 represent the vast majority of all products, these categories
are important to compare. Figure 4.6 shows the analysis results of the GA02 and FA01 subcategories.
Subcategory GA02 shows a similar pattern as the overall results in Figure 4.4. While the behaviour
of deltas for subcategories FA01 and GA03 (Appendix E) does follow a different pattern, this is mostly
caused by outliers. An additional breakdown of the production plans into these subcategories is not ex-
pected to lead to major improvements, as subcategory GA02 is by far the largest group. Though slight
improvements in the accuracy of the PDFs could possibly be found, it is unlikely that the representation
of the true stochasticity in the production plans would improve significantly. Therefore, it is decided to
continue this research with the distributions and PDFs from Section 4.2.3.

(a) Mean (GA02) (b) Mean (FA01)

(c) Standard deviation (GA02) (d) Standard deviation (FA01)

Figure 4.6: Metrics of nonzero deltas per rolling 4-week block for subcategories GA02 & FA01
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4.3. Material analysis
To find changeover materials for which safety stock can be especially beneficial, a material analysis
was performed. This analysis is performed on an item-level, so each individual SKU is analysed. The
goal of this analysis is to be able to classify items based on their characteristics. This analysis focuses
on the material demand and the value they represent in the manufacturer’s inventory management.

4.3.1. Categorisation of demand patterns
The changeover materials can be classified according to different demand patterns. Syntetos et al.
proposed a categorisation scheme based on the average inter-demand interval (ADI) and the square
of the coefficient of variation (CV 2) [43]. Their study aims to categorise demand patterns to facilitate the
selection of forecasting methods. While using the classification for a different purpose in this study, it is
still very useful. Figure 4.7 shows howmaterial demand can be divided into four patterns; erratic, lumpy,
smooth and intermittent. The figure also shows what the demand behaviour of these patterns look like.
On the x-axis, the ADI describes the variability in demand timing. Meanwhile, the CV 2 describes the
variability in demand quantity on the y-axis. According to Syntetos et al., the cut-off values at which the
demand behaviour changes to another pattern are 1.32 for ADI and 0.49 for CV 2 [43].

Figure 4.7: Demand pattern classification method

To perform the analysis on the changeover materials used in the manufacturer’s supply chain, the ADI
and CV 2 are calculated according to equations 4.6 and 4.7 respectively.

ADI =
# periods

# demand buckets
(4.6)

where # periods is the total number of weeks and # demand buckets the number of weeks in which
there is a demand.

CV 2 =
( s

X̄

)2 (4.7)

where s is the sample standard deviation and X̄ the sample mean.
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Figure 4.8 shows an enlarged view of the demand pattern classification results. The red lines represent
the classification boundaries defined by Syntetos et al., with an ADI threshold of 1.32 and a CV 2

threshold of 0.49 [43]. Each point represents an item in the manufacturer’s supply chain. The results
show that there are 35 items with erratic demand, 941 with lumpy demand, 247 with smooth demand,
and 4607 with intermittent demand behaviour.

The distribution of items across the four demand categories reveals that the inventory is dominated by
items with irregular demand characteristics. More than 79% of all items are classified as intermittent.
This shows that demand occurs infrequently and is separated by relatively long periods without con-
sumption. However, when demand does occur, the quantity remains relatively stable, as shown by the
low CV 2 values. This suggests that the primary source of uncertainty for most changeover materials
is the timing of demand rather than the quantity required.

Figure 4.8: Material demand classification of changeover materials (enlarged)

A further 16% of the items are classified as lumpy. These items exhibit both infrequent demand and
large variability in demand quantities. Lumpy items are generally the most difficult to plan and forecast,
as uncertainty exists in both timing and quantity. A substantial portion of the inventory is therefore ex-
posed to high forecasting uncertainty. Only a small proportion of items are classified as smooth (4%).
These items are characterised by frequent demand and low variability in demand quantities, making
their consumption behaviour relatively predictable. Similarly, only 35 items are classified as erratic.
Although these materials are demanded frequently, the quantities fluctuate considerably between de-
mand periods. The low shares of smooth and erratic items suggest that regularly consumed materials
account for a minor part of the changeover materials.

The scatter plot in figure 4.8 illustrates a strong concentration of items for which ADI values exceed
the threshold of 1.32. This indicates that demand intermittency is a dominant characteristic of the man-
ufacturer’s changeover materials. As a result, inventory policies and forecasting approaches should
primarily focus on managing intermittent and lumpy demand behaviour.
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4.3.2. ABC analysis
The ABC inventory classification model is used to classify items according to their importance. ABC
analysis is based on the Pareto principle, also known as the 80/20 rule, which states that a relatively
small proportion of items is responsible for the majority of the total value generated by the inventory
[44]. In inventory management, this principle implies that only a limited number of stock keeping units
(SKUs) contribute significantly to revenue. Meanwhile, a large number of items contribute relatively
little. As a result, inventory items are divided into three classes according to their importance: class A
contains the most critical items, class B contains items of moderate importance and class C contains
the least critical items and therefore require the lowest level of management attention [44]. According
to the literature, ABC classifications typically follow a Pareto distribution in which class A represents
approximately 10–20% of the items, class B around 20–30%, and class C the remaining 50–70% of
the inventory [44].

Figure 4.9 presents the Pareto distribution obtained from the material demand data used in this study.
The cumulative value curve demonstrates the highly uneven contribution of items to the total inventory
value. The results show that only 13.9% of all items (813 items) account for 80% of the total value and
are therefore classified as class A. These items represent the most economically important part of the
inventory and should receive the highest level of control and replenishment attention.

The next 20.1% of items (1 168 items) increase the cumulative contribution from 80% to 95% of the
total value and are assigned to class B. Although these items are less critical than class A, they still
contribute substantially to overall inventory performance and require regular monitoring. The remaining
66.0% of material demand (3,849 items) contribute only 5% of the total value and are classified as class
C. Despite representing the majority of stock items, their individual impact on the total inventory value
is relatively low. These results closely follow the Pareto principle and confirm a strong concentration of
inventory value within a small subset of items.

Figure 4.9: Pareto distribution of ABC analysis



5
Modelling framework

To understand how the model aims to find results for this research, several design choices have to be
explained. While the general idea of the Sim-Opt framework was described in Section 1.6, this chapter
will specify in detail how the model is built and used. The model design was based on the performed
literature review, current state analysis and data analysis, and will therefore be elaborated further in
this chapter. While changes to the model can be made in the experiments, this chapter describes the
base design of the model.

5.1. Hard safety stock constraint
As mentioned in Section 3.2.1, the safety stock constraint currently used in the MRP-Opt model is
considered a soft constraint. This means that a slack variable is added to the constraint, which allows
the material stock to fall below the predetermined safety stock level. To parametrise safety stock levels
of changeover materials, it is crucial to get rid of this slack variable. Therefore, this research proposes
a new parameter, called the hard safety stock (HSS). This is also the parameter which the Sim-Opt
framework will optimise. To do this, another safety stock constraint is also added to the MRP-Opt
model, shown in Formula 5.1.

• Hard safety stock constraint: If a production facility uses a given material in a given week, then
the available stock sℓ,m,w at location l, for materialm in week w must be at least the required hard
safety stock level HSSℓ,m,w of this material. This constraint can be seen as a hard constraint, as
the model does not allow stock levels to fall below the established hard safety stock level through
a slack variable.

sℓ,m,w ≥ HSSℓ,m,w (5.1)

Although adding a constraint could be seen as a major change to the existing MRP-Opt, it was ne-
cessary due to the structure of the objectives. The prioritising nature of the objectives, as described
in Section 3.2.1, pushes the optimisation towards minimum obsolete stock costs. The sub-objective
minimising obsolete stock costs has a higher priority than the sub-objective minimising the safety stock
slack penalty. Having safety stock often means having higher obsolete stock costs, which pale into
insignificance with the financial gains created by safety stock in the long run. As these improvements
are not taken into account in the MRP-Opt, the model will rarely choose to minimise the safety stock
slack penalty before it minimises the obsolete stock costs. With a slack variable present in the safety
stock constraint, optimising the safety stock levels through the existing soft safety stock parameter was
not possible. When talking about safety stock in the remainder of this thesis, we refer to the hard safety
stock parameter.

5.2. Optimisation parameters
As mentioned, the goal of this research is to optimise safety stock levels. To find these safety stock
levels as accurately as possible, it is useful to express the safety stock in terms of days of sales
(DOS). One-day-of-sales is defined as the number of materials in stock which is needed to satisfy
1 day of demand, or sales. Therefore, the safety stock levels can be expressed in days of sales.
Expressing the safety stock in days of sales provides more precise safety stock determination, as
all materials could have a safety stock of e.g. 10 days of sales, but the absolute safety stock value
for each material is different. To create the safety stock values this way, the average daily demand
(1 DOS) was calculated for each material. This creates buffers that are more realistic compared to
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setting an absolute safety stock value to all materials. Due to the sheer number of materials in the
manufacturer’s supply chain, classifying materials into material groups can provides more feasibility.
While the materials are aggregated this way, losing some heterogeneity, it is easier to find HSS values
for them. For all materials in a material group, the same HSS parameter in terms of days of sales will
be optimised. The classification of these material groups will be explored in Section 5.5. This approach
does implicitly assume that materials have a steady material consumption, since 1 DOS is calculated as
average daily demand. While in reality, a material’s demand pattern can be very lumpy or intermittent,
as shown in Section 4.3.1. The demand for some materials is not steady, making the 1 DOS value to
be less meaningful than for materials with steady demand. Other metrics, such as safety time, might
be more useful to quantify the safety stock for these materials. While noting this limitation, the days of
sales approach will be tested in this research.

To find the optimal values for the safety stocks within reasonable computation time, sampling bounds
are assigned to each material group. Sampling bounds make sure the model does not test any extreme
solutions. The bounds are the same for each material group, as all materials have a unique average
daily demand. The lower bound is zero, as it should always be possible to operate without safety stock.
The upper bound is set to 7 days of sales. This is a reasonable starting point, as practice-oriented
literature often suggests maintaining buffer levels on the order of a few weeks of demand (e.g. two
weeks or more, depending on uncertainty) [45]. Depending on the first results, the bounds could be
expanded to more days of sales.

5.2.1. Hard Safety Stock assignment variants
The hard safety stock will be assigned to the MRP-Opt tool on a material-location, or item, level. When
the Sim-Opt framework is run for a test set of items, the material-location combinations will be extracted
from this test set. The HSS will then only be applied to these material-location combinations. The hard
safety stock can be assigned by the Sim-Opt framework to the MRP-Opt model in three different ways:

• Constant variant: In the constant HSS formulation, a hard safety stock policy becomes act-
ive from the simulation start week and remains active for all subsequent weeks in the MRP-Opt
horizon, which is 52 weeks. Methodologically, this represents a stationary buffering regime, al-
lowing to isolate the effect of a constant inventory protection level over the full horizon. Because
activation is permanent after initialization, this variant is well suited as a baseline scenario for
comparison against more dynamic policies.

• Changeover weeks variant: In the changeover weeks HSS formulation, each material-location
pair receives an item-specific activation window bounded by theminimumandmaximum changeover
week. The HSS is only applied to the weeks within that closed interval. This corresponds to a
finite-horizon protection strategy, allowing heterogeneous activation timing across items. This im-
proves buffer accuracy when demand uncertainty is concentrated in specific periods rather than
uniformly distributed across the horizon.

• Max changeover week variant: In the maximum changeover week HSS formulation, the HSS
is only activated in the final changeover week, creating a one-week intervention for each item
specifically. Conceptually, this is a buffering policy designed to protect against a narrowly localised
risk moment, such as an anticipated disruption or demand spike tied to a specific calendar week.

5.3. Objective function and decision variable
The objective function on which the Sim-Opt will learn and optimise the safety stock levels will be based
on the obsolete stock decision variable. Obsolete stock is left over material stock due to a material
changeover. As mentioned in Section 3.2.1, the MRP-Opt model provides the obsolete stock values
for each material as output of the MIP. The decision variable is multiplied by the effective material cost,
creating the optimisation objective function in Formula 5.2.

• Optimisation objective function: The obsolete stock obsℓ,m,w of material m at location ℓ in
week w is multiplied by the piece cost cm of material m. The objective function minimises the
sum obsolete stock costs over all materials and locations in week w.

min
∑
ℓ∈L

∑
m∈M

cm · obsℓ,m,w (5.2)
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The simulation-based optimisation will use this objective function to determine the safety stock levels for
the different material groups. Since a simulation run aims to represent reality, it runs multiple sequential
weeklyMRP-Opt runs which represents theMRP process at themanufacturer. The obsolete stock costs
in the final week therefore represent the costs which the manufacturer is stuck with. While each MRP-
Opt run generates a unique objective value, the objective of the final week in the sequential process
is therefore the value used in the safety stock optimisation. The Sim-Opt framework was illustrated
in Section 1.6. Due to the stochastic nature of the model, multiple simulation runs are performed
to account for the demand variability. Because of this, the average objective value of all simulation
runs in a Sim-Opt iteration is calculated and used to learn the safety stock parameters. Figure 5.1
shows an example of one Sim-Opt iteration, with multiple simulations and 4 MRP-Opt runs in each
simulation. The objective function value of the final MRP-Opt run is picked as the objective value for a
simulation, and the average of all these simulation objectives represents the weighted objective value
of the optimisation iteration.

Figure 5.1: Objective function value structure example

As mentioned in Section 1.1, adding safety stock to a MRP environment creates a trade-off between
safety stock (inventory) costs, obsolete material costs and rush order costs. To parametrise safety
stock levels as realistically as possible, this trade-off should preferably be represented in the objective
function. Adding inventory costs and rush order costs to the objective function would make it a multi-
objective function. Formula 5.3 shows these additions to the objective function, where the inventory cost
vℓ,m is multiplied by the stock level sℓ,m,w and a rush order penalty pℓ,m is multiplied by the necessary
material order inℓ,m,w.

min
∑
ℓ∈L

∑
m∈M

(cℓ,m · obsℓ,m,w) + (vℓ,m · sℓ,m,w) + (pℓ,m · inℓ,m,w) (5.3)

Due to a lack of data generated by the MRP-Opt model, the use of this multi-objective function is not
feasible for this research. Data on inventory costs and costs regarding rush orders, is not generated by
the model. Therefore it was decided to choose the above mentioned objective as a means of represent-
ing this trade-off as best as possible. Another expansion of the objective function was considered. This
expansion has to do with penalising material shortages. Currently, the objective function penalises be-
ing left with obsolete materials. As setting safety stock levels tries to prevent material shortages when
material demand spikes due to uncertainty, it could be interesting to penalise material shortages in the
objective function as well. However, due to the nature of the MRP-Opt model, which does not allow
material shortages, this is not a possible expansion. The MIP is built to never allow material shortages
at production facilities, which would be necessary to cater this addition. However relevant for literature,
it is not feasible for this research.

5.4. Optimisation method
A Full Enumeration method is proposed as the approach for exploring the safety stock parameter
space. This method evaluates every possible combination of parameter values within the predefined
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search domain. As discussed in Section 5.2, the this search domain is bounded by 0 and 7 days
of sales. This search domain will be explored for every integer value. By systematically testing all
candidate solutions, it guarantees that the globally optimal solution will be identified, provided that the
search space is finite and fully accessible. However, the computational cost grows rapidly with the
number of optimisation parameters. Full Enumeration is therefore mostly practical for problems with a
relatively small number of parameters or limited parameter ranges. Therefore, this method is chosen
to explore the HSS parameter space as defined in Section 5.4. Because no regions of the parameter
space are ignored, Full Enumeration can serve as a reference against which other optimisationmethods
are compared in future research.

5.5. Material group classification
To find materials for which safety stock can be beneficial, a material classification was performed. This
classification is based on the analyses performed in Section 4.3. The goal is to classify materials into
material groups (MGs) and to identify which MGs are most promising to test in the Sim-Opt framework.
The combination of the ABC classification and the demand pattern classification results in twelve distinct
material groups, as shown in Table 5.1. This two-dimensional classification clusters materials according
to their economic importance and demand characteristics. Combining both dimensions allows for a
more targeted evaluation of safety stock policies.

Table 5.1: Material group classification

Material group ABC class Demand pattern Group size
[–] [–] [–] [items]

MG1 A Erratic 19
MG2 A Lumpy 100
MG3 A Smooth 78
MG4 A Intermittent 457
MG5 B Erratic 17
MG6 B Lumpy 153
MG7 B Smooth 77
MG8 B Intermittent 748
MG9 C Erratic 12
MG10 C Lumpy 480
MG11 C Smooth 72
MG12 C Intermittent 2 687

A clear observation from Table 5.1 is that the majority of materials are concentrated in the intermittent
demand categories (MG4, MG8 and MG12). This is consistent with the results presented in Section
4.3.1, where intermittent demand was identified as the dominant demand pattern within the manufac-
turer’s portfolio. In particular, MG12 contains 3 171 items, making it the largest material group by far.
Although these materials belong to class C and therefore contribute relatively little to the total invent-
ory value, their large population makes them relevant when evaluating inventory management policies.
From a safety stock perspective, however, the most promising material groups are not necessarily the
largest groups. Safety stock creates the greatest benefit for materials that simultaneously have a signi-
ficant business impact and exhibit demand uncertainty. Because of this, the material groups belonging
to class A are of particular interest because these materials account for the largest share of the total
inventory value. These materials therefore have the greatest potential impact on inventory costs.

Within class A, MG2 (A-Lumpy) and MG4 (A-Intermittent) appear especially promising for further ana-
lysis. Materials in MG2 are characterised by both infrequent demand and high variability in demand
quantities. This combination makes demand difficult to forecast and increases the risk of stockouts.
As a result, safety stock levels may significantly improve material availability while reducing disrup-
tions caused by unexpected demand peaks. MG4 contains materials with intermittent demand, where
demand timing is uncertain but quantities are relatively stable when demand occurs.

MG3 (A-Smooth) is expected to be less suitable for extensive safety stock optimisation. The relatively
predictable demand behaviour of smooth materials reduces forecasting uncertainty. Replenishment
planning can generally be performed accurately without requiring substantial safety stock. Similarly,
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MG1 (A-Erratic) contains only a limited number of materials, making it less representative for general-
isable conclusions regarding safety stock policies. The B-class material groups form an intermediate
category. While these materials are less critical than class A materials, groups such as MG6 (B-Lumpy)
and MG8 (B-Intermittent) may still benefit from safety stock due to their demand uncertainty. The C-
class material groups are generally expected to offer the lowest return from safety stock optimisation.
Although groups like MG10 (C-Lumpy) and MG12 (C-Intermittent) contain a large number of materials,
their limited value contribution reduces the financial impact of stockouts.

5.6. Items in the Sim-Opt framework
A material can be used at multiple locations, or used for multiple products at the same location. There-
fore, the data should be processed with that distinction. These material-location-product combinations
are called items. These items could also be described as Stock Keeping Units (SKUs). Much of the
data is available on an item level. The HSS parameters will therefore also be applied to items, not to
materials. While items and materials can sometimes by used simultaneously, there is a clear distinc-
tion. Table 5.2 shows an example dataset of relevant data for 5 randomly chosen items. This dataset
consists of gathered data from the manufacturer’s MRP-Opt tool, together with data generated in this
research. The data is available per item, meaning for every unique combination of material-location-
product. When running the Sim-Opt framework, items are filters on a specific material group, so the
framework will only test with items which have that material group.

Table 5.2: Example item dataset (empty rows contain classified information)

Parameter Unit Item/SKU
1 2 3 4 5

Material [–]
Location [–]
Product [–]
Vendor [–]
MOQ [units] 96 200 80 028 80 028 114 400 114 400
Piece cost [€/unit] 0.1415566 0.11208 0.11208 0.084 0.084
CMG subcategory [–] GA02 GA02 GA02 GA02 GA02
Total demand [units/year] 3 485 651 453 165 745 048 13 576 376 4 438 601
1 day of sales [units/day] 9 550 1 242 2 041 37 196 12 161

Changeover [–]
Project [–]
Min week [YYYY-WW] 2025-47 2026-10 2026-10 2025-49 2025-49
Max week [YYYY-WW] 2025-47 2026-20 2026-20 2026-09 2026-09
Expected week [YYYY-WW] 2025-45 – – – –

Material group [–] MG4 MG8 MG6 MG4 MG2
Demand pattern [–] Intermittent Intermittent Lumpy Intermittent Lumpy
ABC class [–] A B B A A

5.7. Uncertainty assignment
Uncertainty will be added to the simulation by manipulating the production plan in a sequential way. By
running the manufacturer’s MRP optimisation model week by week, while manipulating the production
plan every week, a stochastic production environment will be imitated. Section 4.2.2 describes the
stochasticity in the manufacturer’s production based on historical data. To add realistic stochasticity
to the production plans in the Sim-Opt procedure, the variabilities found in the data analysis in Chapter 4
will be applied. Just like in the uncertainty analysis, the assignment of uncertainties will be done based
on the block bootstrapping method. To create a fair comparison between MRP-Opt results, each MRP-
Opt run will optimise the changeovers over a horizon of 52 weeks. This means that the production plan
given to the MRP-Opt model will have 52 weeks. Therefore, the uncertainty will also be assigned over
a 52 week period, with 13 blocks of 4 weeks. The assignment of variability to the production plans will
be explained following the 4 levels revealed in Figure 5.2.
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Figure 5.2: Realistic uncertainty assignment levels in the Sim-Opt procedure

At the start of the Sim-Opt procedure, a historical production plan will be picked. This production
plan contains real data from a certain week in which it was active at the manufacturer. This week is
therefore also the starting week, meaning the first MRP-Opt run will run for that week in the MRP-Opt
model. Uncertainty will be applied to the production plan before each MRP-Opt run in a simulation.
Level 3 in figure 5.2 shows this process. Random uncertainty is applied to the production plan, after
which the updated production plan is used for the next MRP-Opt run. This production plan will have
shifted one week ahead, and will contain new production volumes based on the assigned uncertainty.

The uncertainty will be assigned to the production plan on a location-resource-product level. Meaning
the production plan contains production values for each product on a resource at a location. As the
found uncertainty in Section 4.2.3 is expressed in terms of a delta ∆ between production plans, this
is also how the uncertainty will be applied to these plans again. The deltas are sampled from zero-
truncated probability density functions (PDFs) from the data analysis. These PDFs are different for
each block, therefore the sampled deltas are also different for each block. For each block the following
process is executed.

1. A hurdle model is used to apply the deltas to the production plans. A hurdle model consists
of a zero-truncated distribution component, such as the PDFs used in this research. The other
component is the hurdle component which models the probability of having a (non)zero value [42].
The probability of assigning a nonzero delta is stated in 4.2.2 for each block. This probability
determines if a delta will be assigned to this block. If it is decided that a delta will be applied,
the value of the delta will be sampled according to the PDF of this particular block. Formula 5.4
shows how this step looks like for block 1. The probability of applying a delta is 0.28. When a
delta will be applied, a value is sampled from block 1’s PDF.
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∆ =

{
0, with probability 0.72

x, with probability 0.28
(5.4)

where the random variable x has probability density function f(x) for this block.
2. Looking at Figure 5.2, level 4 shows that a delta of +600 is sampled for block 1. Now this value has

to be distributed among the 4 weeks in this block. The Sim-Opt framework randomly determines
among how many of the 4 weeks this delta is distributed, and which weeks this will be. In the
case of block 1 in Figure 5.2, the delta is distributed among week 43, 44 and 45. These values
will then be added to all production values in that column of the production plan.

This process is repeated for each block, until the full production plan is updated.

Level 2 in Figure 5.2 shows that for each simulation run within the first Sim-Opt iteration, different
production plans are used. The process of applying uncertainty in the form of deltas to production
plans as described by levels 3 and 4, is performed in each simulation of the first iteration. Running
multiple simulations with different stochasticity is a core function of the Sim-Opt framework. This way,
multiple imitations of reality can be tested.

In contrast to level 2, level 1 indicates that identical production plans are used for each Sim-Opt iteration.
This is to let the safety stock optimisation test its safety stock parameters with the exact same conditions
in each iteration. All production plans that are randomly adapted throughout the first Sim-Opt iteration,
are saved and used in the following Sim-Opt iterations.

5.7.1. Artificial uncertainty variants
To test the parametrisation of HSS in a more artificial setting, the assignment of uncertainty in the form
of deterministic perturbations is explored. A setting in which HSS can be most helpful, is when an
unexpected increase in production quantity happens. When no HSS is present as a buffer, high MOQs
can result in obsolete materials when the increase in production is not as large as the order quantity.
In this case, HSS can be very useful. For changeover materials, it is therefore most relevant to create
this scenario around the changeover, as the MRP-Opt tries to end up with zero obsoletes after the
changeover. To create this scenario, a sudden positive perturbation is added to the production quantity
of the next simulation week. So, before the MRP-Opt model is run,the artificial perturbation is added
to the production plan. The production plans are available on a product-location-resource level. When
the Sim-Opt framework is run for a set of items, the product-location combinations will be extracted
from this test set. Then, the perturbation will only be applied to these product-location combinations in
the production plan. There are two variants of when the perturbation is applied:

• Changeover weeks variant: In the changeover weeks uncertainty variant, an artificial determ-
inistic perturbation with fixed magnitude is applied to the production plan in the next simulation
week. For each material, the perturbation is only applied when the next simulation week is one
of the items changeover weeks. This creates an artificial bias, where the production value will be
higher than expected. This produces a controlled intervention setting in which the timing and size
of the disturbance are known. Figure 5.3 gives an example of how this perturbation is applied to
the production plan. For a given material, the changeover must happen between week 44 and 46.
When the next simulation week is a changeover week, the perturbation is added to the production
quantity of the item in that week.

• Maxweek variant: In the max week uncertainty variant, the artificial delta perturbation is targeted
to the week identified as operationally most vulnerable, according to the maximum changeover
week criterion. This concentrates the uncertainty at a structurally critical point in the schedule.
By applying the perturbation only in the final changeover week of each item, this variant explores
an even more targeted application of the uncertainty. To create this scenario, a sudden positive
perturbation is added to the production quantity of the next simulation week when this week is the
maximum possible changeover week. Conceptually, this defines a worst-case stress scenario.
Figure 5.4 illustrates how this perturbation is applied to the production plan. For a given material,
the changeover must happen between week 44 and 46. When the next simulation week is the
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maximum changeover week, the perturbation is added to the production quantity of the item in
that week.

Figure 5.3: Perturbation in next simulation week when it is a changeover week

Figure 5.4: Perturbation in next simulation week when it is the maximum changeover week
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5.8. Sim-Opt procedure settings
This section describes the settings that can be played with when running the Sim-Opt model. Table
5.3 gives an example, where the procedure uses a full enumeration technique to optimise the safety
stock parameters of 200 materials. It uses 5 iterations for this, including 8 simulations each. In each
simulation, the MRP-Opt is solved 10 times over a simulation horizon of 10 weeks, starting in week 1
of 2026.

Table 5.3: Sim-Opt procedure settings example

Optimisation method Iterations Simulations Weeks simulated Materials Start week

Full enumeration 5 8 10 200 2026-01

These settings are of great influence on the outcome of the model and therefore important to explain
in detail:

• Optimisation method: Determines how the solution space is searched. This influences the
solution but also how fast the model converges to an optimal solution.

• Number of Sim-Opt iterations: Determines howmany learning cycles the optimisation algorithm
receives to learn the optimisation variables. The number of iterations can be set manually but it
can also be linked to the optimisation method. Having more iterations generally provides more
accurate solutions, but obviously also takes more time to run.

• Number of simulations in a Sim-Opt iteration: Determines how many simulations are run with
different stochasticity, which provide a solution. The objective of an iteration is the average of
all simulation solutions within that iteration. Running more simulations provides a more reliable
solution for that iteration, as different kinds of stochasticity are tested with. The number of sim-
ulations can be set manually. Increasing the number of simulations significantly increases the
computation time of the model, as adding one simulation means every iteration has to do one
extra.

• Number of weeks in the simulation horizon: Determines howmany weekly MRP-Opt optimisa-
tions are sequentially run within a simulation. Running multiple weekly MRP-Opt optimisations in
a row is necessary as the production plans are manipulated every week, imitating the stochastic
MRP process. The number of weeks can be set manually. Increasing the number of weeks in the
horizon significantly increases the computation time, as adding one week means every simulation
within every iteration has to do one extra.

• Number of materials: Determines how many materials are randomly picked and provided to the
MRP-Opt to optimise for. The set of materials from which can be picked are materials which are
the ’old’ material in at least one changeover and are still active materials in the manufacturer’s
supply chain. The number of materials can be set manually. Increasing the number of materials
increases the computation time as the MRP-Opt takes longer to optimise.

• Start simulation week: Determines which historical dataset is used for the Sim-Opt procedure.
The chosen dataset provides the original production plan on which the uncertainty is added. The
start week can be picked randomly by the model but can also be set manually.



6
Experimental results

This chapter presents several experiments in which the Sim-Opt framework is tested with different
variants and settings. Each experiment serves a certain purpose and their results help substantiate
the conclusions and discussions of this study. First, some general Sim-Opt framework settings are
explored in Section 6.1. In Section 6.2, several variants of assigning uncertainty and applying HSS
to the MRP-Opt model are explored. Section 6.3 tests uncertainty with different values of the artificial
perturbation in the production plan. Finally, Section 6.4 shows a final experiment which zooms into
weekly item-specific results in a worst-case stress scenario.

6.1. Sim-Opt settings
First off, two experiments are performed regarding the settings of the Sim-Opt framework. Experiment
S1 determines howmanyweeks should be simulated in each simulation, while Experiment S2 discovers
how many simulations should be run to provide a reliable mean objective value.

6.1.1. S1: Weeks in horizon
The goal of Experiment S1 is to determine if the number of weeks simulated in each simulation run has
a large influence on the results of the objective. To do this, this experiment was performed with the
settings shown in Table 6.1. This experiment does not optimise any safety stock parameters yet, as it
only tests the number of weeks in each simulation. Therefore, no optimisation method was used and
this experiment can be seen as 1 Sim-Opt iteration. As a reminder, Section 1.6 shows the Sim-Opt
framework and describes the hierarchy between the iterations and simulations. For testing purposes,
30 materials were randomly selected from the set of active changeover materials, as mentioned in
Section 5.8. 5 simulations were run to account for different levels of uncertainty. Each simulation is run
over a horizon of 10 consecutive weeks, starting in week 2025-43.

Table 6.1: S1 Experiment settings

Optimisation method Iterations Simulations Weeks simulated Items Start week

– 1 5 10 30 2025-43

Table 6.2 shows the results of the objective values for the 5 simulations in Experiment S1. To see if
there are major differences between simulations, the sample mean is calculated and the lowest and
highest objective value are made visible. Each simulation shows a similar increasing objective value
as the weeks go by. Running more weeks, means running more MRP-Opt optimisations for which
stochasticity is added to the production plan. Uncertainty is added to these production plans by adding
a delta to the production levels of the previous production plan. Section 5.7 described this process in
detail. Because of the way the stochasticity is added to the production plans each week, running more
weeks means having more instances of adding uncertainty to the Sim-Opt procedure. This does have
an effect on how realistic a simulation is. As long as at least a 5 weeks are run in a simulation, and
each simulation runs the same number of weeks, this should be realistic enough.

Section 5.3 explained how the objective values are extracted from the results. The objective value of a
simulation is the objective value of the final simulated week. The objective value of a Sim-Opt iteration
is the average of the simulations’ objective values. Although the range between the lowest and highest
objective value in Table 6.2 is quite large in some weeks, the effect of this is mitigated by the fact that the

42
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Sim-Opt objective is extracted as the mean of these objectives. Therefore, a large enough number of
simulations would diminish this effect even more. So, if enough simulations are run, it does not matter
how many weeks you run. The number of weeks in a simulation becomes a deterministic decision,
which should be kept at the same value for consistency reasons when comparing different Sim-Opt
runs.

Table 6.2: S1 Experiment result

Week Sim 1 Sim 2 Sim 3 Sim 4 Sim 5 Sample mean
[–] [€] [€] [€] [€] [€] [€]

2025-43 76 501 73 555 70 204 74 082 73 265 73 521
2025-44 74 775 73 868 68 303 69 042 67 999 70 797
2025-45 128 014 132 174 129 251 129 845 126 455 129 148
2025-46 133 650 141 766 134 549 134 251 129 586 134 760
2025-47 152 208 123 204 150 972 121 687 251 060 159 826
2025-48 172 609 137 532 174 310 143 038 262 011 177 900
2025-49 235 760 199 704 240 278 227 608 478 812 276 432
2025-50 318 917 356 457 331 309 628 665 520 241 431 118
2025-51 630 295 644 355 674 590 798 867 539 000 657 421
2025-52 740 255 724 576 760 473 798 981 719 758 748 809

6.1.2. S2: Number of simulations
The goal of Experiment S2 is to determine what number of simulations need to be run to provide a
reliable Sim-Opt iteration result. As mentioned in Experiment S1 in Section 6.1.1, the number of simu-
lations is an important setting of the Sim-Opt procedure. Each simulation uses unique production plans
for each MRP-Opt weekly optimisation. These production plans are altered based on the assignment of
uncertainty. Each simulation represents a unique realisation of reality and the stochasticity influences
the objective value. Therefore it is important to run multiple simulations and take the average objective
value from these simulations as the Sim-Opt iteration objective value. Table 6.3 shows the settings of
Experiment S2. To test how many simulations are necessary, this experiment ran 30 simulations, each
with 5 weeks in the simulation horizon. The same 30 materials were sampled as in Experiment S1.

Table 6.3: S2 Experiment settings

Optimisation method Iterations Simulations Weeks simulated Items Start week

– 1 30 5 30 2025-43

The full results of Experiment S2 can be found in Appendix G. To be able to get a reasonable conclusion
from this experiment, 5, 10, 15 and 30 simulations are compared. The results of the objective values
of these simulations are shown in table G.1. To compare the results, the running sample mean is
calculated and added to the table. Also the sample standard deviation of the objective value of each
simulation is calculated, using the same running principle. It measures the spread of the individual
simulation results. The relative error expresses the variability of the mean relative to its magnitude.
The formulas of these statistical metrics can be found in Appendix C.

Table 6.4: S2 Experiment result

Simulation Obsolete costs Sample mean Sample standard deviation Relative error
[–] [€] [€] [€] [-]

5 179 948 163 965 21 888 0.117
10 155 190 160 879 16 921 0.065
15 160 505 158 362 18 015 0.058
30 156 543 158 679 26 289 0.059

Comparing the number of simulations in Table G.1 indicates that the sample mean at 5 simulations is
already in the same order of magnitude as the sample mean at 30 simulations. The more simulations



6.1. Sim-Opt settings 44

are run, the more the sample mean stabilises towards the sample mean of 30 simulations. Figure 6.1
shows the simulation objective values of all 30 simulations, together with the running sample mean. It
clearly shows that the average objective value stabilises quite quickly. Although the sample standard
deviation is much higher at 30 than at 10 or 15 simulations, this is due to an outlier which had an
objective value of 261 491 in simulation 18. The relative error of the sample mean also stabilises
around 0.060 quite early, making 10-15 simulations a reliable option. The fact that each simulation run
extra results in much more computational efforts, provides a trade-off. This trade-off is between the
variability of the results and the feasibility of running the Sim-Opt procedure. Therefore, the conclusion
of this experiment is that the average objective value of 10 simulations provides a reliable result for one
Sim-Opt iteration, while staying feasible.

Figure 6.1: S2 Experiment simulation objective values and their running sample mean
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6.2. HSS and uncertainty variants experiments
As mentioned in Sections 5.2.1 and 5.7, several variants of assigning HSS and uncertainty to the MRP-
Opt are built into the Sim-Opt framework. To see which combination of variants is most useful to find
improvements in performance, they are all tested. Experiments A1-A4 can be seen as a baseline to
compare the uncertainty variants with, since no uncertainty is applied to the production plans in these
experiments. This allows for a clear comparison in objective function value between the uncertainty
assignment variants. Meanwhile, Experiments A1-D1 provide another baseline, while no HSS is as-
signed in these experiments. Therefore, the effect of the different types of HSS is made visible. Figure
6.2 shows an overview of the HSS and uncertainty assignment variants. For an explanation about what
these variants entail, see Sections 5.2.1 and 5.7. The content of the table shows indicates what the
experiments are called. The following subsections will explore the results of some of these experiments
in more detail. The results of all experiments can be found in Appendices H to K.

Figure 6.2: HSS and uncertainty variants experiments

To compare the objective function value results between the experiments, the Sim-Opt settings must
be identical throughout. Table 6.5 shows these general Sim-Opt settings. The decision to use 10 simu-
lations when uncertainty is applied is based on the result of Experiment S2 in Section 6.1.2. Similarly,
the decision to simulate 5 weeks is a result of Experiment S1 in Section 6.1.1. As these experiments
are the first exploration of parametrising the HSS, the decision was made to test HSS values of up to
7 days of sale. As full enumeration is used as an optimisation technique, this results in 7 iterations
necessary for the HSS optimisation in the Sim-Opt framework. Depending on the experiments, other
relevant settings are discussed throughout the following sections.

The experiments are performed using items from the MG2 material group. As mentioned in Section 5.5,
materials in this group show most potential to be benefit from safety stock. The MG2 material group
consists of 100 items. Initial tests resulted in MRP-Opt infeasibility, caused by some materials in this
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Table 6.5: Variants experiments Sim-Opt settings

Optimisation method Iterations Simulations Weeks simulated Items Start week

Full enumeration 7 10 5 22 2025-43

subset. After consulting a company expert and several debugging efforts, the cause of this seemed
inexplicable. Similarly, materials which were used for multiple products at a location didn’t provide any
obsolete material costs, even when very large uncertainty was applied. These were materials were left
out of the test set, resulting in 22 items to test with in the variants experiments.

6.2.1. A: No uncertainty
The A experiments are performed without uncertainty in the production plans. This means that in each
MRP-Opt run, the same production plan is used. This creates a situation in which the MRP-Opt model
knows exactly what the production quantity is going to be. The only thing that changes, is the week from
which the MRP-Opt starts the optimisation. All results of the A experiments can be found in Appendix
H. Experiment A1 specifically can be seen as a the baseline experiment, as no HSS is assigned and
no uncertainty is present in the production plan. The MRP-Opt model knows exactly what is going to
happen in the following weeks as the same production plan is used throughout the simulation. The
results of Experiment A1 are in table 6.6. As no uncertainty is applied and no HSS parameter has to
be optimised, this experiment only needs 1 iteration and 1 simulation, resulting in an obsolete material
cost of €3 180.

Table 6.6: Experiment A1 result

Iteration.simulation Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 3 180 15 735 0

6.2.2. B: Realistic uncertainty
The B experiments are performed with realistic uncertainty applied to the production plan. The assign-
ment of realistic uncertainty is based on an extensive analysis of historical production plans in Section
4.2. In the realistic uncertainty variant, stochastic perturbations are generated from empirically derived
PDFs and applied to 4-week blocks for all product-locations combinations. The production plan evolves
under data-driven variability rather than deterministic assumptions. At the first simulated week, uncer-
tainty is injected into the original production plan; in subsequent weeks, uncertainty is propagated on
the already updated plan, which creates a path-dependent stochastic trajectory. Methodologically, this
variant is the most representative for real-world operations. How this uncertainty is applied to the pro-
duction plan is explained further in detail in Section 5.7. All results of the B experiments can be found
in Appendix I.

Table 6.7: Experiment B2 result

Iteration.simulation Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.M 92 328 – 1
2.M 113 560 – 2
3.M 136 075 – 3
4.M 156 325 – 4
5.M 178 380 – 5
6.M 199 773 – 6
7.M 222 000 – 7

One of the B experiments is Experiment B2, in which realistic uncertainty is combined with constant
HSS. The results of Experiment B2 are presented in Table 6.7. The table shows the results of the 7
iterations, each representing the HSS value of the equivalent number of days of sales. In each iteration,
10 simulations were run to account for the random stochasticity applied to the production plan with each



6.2. HSS and uncertainty variants experiments 47

MRP-Opt run. The mean objective value of these simulations is calculated and taken as the objective
value for the iteration, as described in Section 5.3. The results show that the lowest HSS parameter
results in the best objective function value, €92 328, for this experiment. Since the objective value of
Experiment B1 is €70 044, the assignment of constant HSS does not provide an improvement over
having no HSS in the current experimental setup. Neither do the other B experiments which test other
HSS assignment variants.

6.2.3. C: Perturbation in next simulation week when it is a changeover week
To test the parametrisation of HSS in a more artificial setting, the C experiments explore the assignment
of uncertainty in the form of deterministic perturbations. The perturbation is applied as a sudden delta in
production volume. It is assigned to the production quantity of an item in the next simulation week, when
that week is one of the item’s changeover weeks. This creates an artificial bias, where the production
value of next week is higher than expected. Section 5.7.1 explains how the perturbations are applied
to the production plan in more detail. As a starting point, a very high perturbation of 123456 is chosen
to see its effect on the objective function values. Because the uncertainty is deterministically chosen,
there is no need to run multiple simulations in these experiments. All results of the C experiments can
be found in Appendix J.

One of these experiments, is experiment C3. This experiment explores the artificial perturbation in
combination with HSS that is applied to the changeover weeks of each item individually only. This way
of assigning HSS to the MRP-Opt model makes sure HSS is maintained during the weeks in which it
could be of most use. The results of Experiment C3 are in table 6.8. The results show that the HSS
parameter value of 1 provides the lowest objective function value (€23 948), similar to the other variants
experiments. A steady increase in objective value can be seen, the more HSS is assigned to the MRP-
Opt model. Experiment C1 (no HSS) gives an objective of €2 920, meaning that the assignment of
HSS during changeover weeks does not provide a better objective value.

Table 6.8: Experiment C3 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 23 948 305 262 1
2.1 44 310 594 365 2
3.1 65 338 886 168 3
4.1 85 700 1 175 271 4
5.1 106 125 1 465 035 5
6.1 127 089 1 756 177 6
7.1 147 486 2 045 643 7

6.2.4. D: Perturbation in next simulation week when it's the maximum changeover
week

Similarly to the experiments in Section 6.2.3, the D experiments apply artificial uncertainty in the form
of deterministic perturbations to the production plans. However, the HSS is now only applied for each
item when the next simulation week is the maximum changeover week. This provides an exact week in
which the perturbation is assigned for each item, creating a very specific experimental environment to
test the HSS assignments in. Section 5.7.1 explains how the perturbations are applied to the production
plan in more detail. A very high perturbation of 123456 is chosen as a starting point to see its effect
on the objective. Because the uncertainty is deterministically chosen, there is no need to run multiple
simulations in these experiments. All results of the D experiments can be found in Appendix K.

Experiment D4 combines this artificial uncertainty with HSS assignment solely in themaximum changeover
week. The results of Experiment D4 are in table 6.9. Since both are assigned to the same exact week,
this experiment showed most potential for HSS to be beneficial. However, it does not outperform the
objective value of €2 889 for experiment D1, without HSS. The same pattern as in all other variants
experiments where HSS was assigned can be seen in the table, where the objective value simply
increases, the more HSS is assigned to the MRP-Opt model.
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Table 6.9: Experiment D4 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 24 502 308 395 1
2.1 45 387 600 271 2
3.1 67 000 895 567 3
4.1 87 884 1 187 443 4
5.1 108 799 1 479 679 5
6.1 130 382 1 774 615 6
7.1 151 297 2 066 851 7

6.2.5. HSS and uncertainty variants results
The goal of the HSS and uncertainty variants experiments is to compare them based on their best
objective function values. Meanwhile, the experiments also gave an insight into the usefulness of HSS
in the MRP-Opt model under the current experimental setup. The objective values of Experiments A1-
D4 are shown in table 6.3. This table provides a visible comparison between the HSS and uncertainty
variants. The complete results of Experiments A to D are presented in Appendices H to K.

Figure 6.3: Variants experiments results

A first observation is that the introduction of realistic uncertainty substantially increases the objective
function value compared to the no-uncertainty baseline. In Experiment A1, where no uncertainty and no
HSS are applied, the obsolete material costs amount to only €3 180. In contrast, the corresponding no-
HSS experiment realistic uncertainty result in a substantially higher objective value of €70 044 in B1.
This confirms that the realistic uncertainty introduces relevant stress into the MRP-Opt environment.
The major increase shows that deviations in production quantities strongly affect obsolete material
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costs in a rolling-horizon changeover setting. Meanwhile, the introduction of an artificial perturbation
in the production plan resulted in a decrease in objective function value, for both variants. These
perturbations resulted in values of €2 920 in C1 and €2 889 in D1. This is not as expected, since
large spikes in production value should cause material procurements with MOQ. These could result
in obsolete material costs as well. It is possible that the current perturbation value of 123 456 is too
large, causing current obsolete materials to be used anyway. However, the expectation would be that
new orders are planned as well so that the large production volume can be produced in full. Another
explanation could be that the timing of the perturbation is causing the MRP-Opt to not have enough
time to order stock for the increase in production, causing the obsolete stock not to increase either.

The no-uncertainty experiments also illustrate the direct effect of adding HSS when no stochasticity
is present. In Experiments A2 to A4, the MRP-Opt model uses the same production plan throughout
the simulation and therefore has perfect information about future production quantities. Under these
deterministic conditions, HSS does not provide protection against demand fluctuations in the existing
production plan. Instead, it only forces the model to maintain additional inventory that is not required
by the production plan. This results in higher obsolete material costs compared to A1. For example,
the HSS setting in A3 shows an increase of the objective value to €24 321, compared to €3 180 without
HSS. This result is expected and confirms that HSS creates additional obsolete stock costs when the
buffer is not needed.

The same general pattern is observed when uncertainty is introduced. For all uncertainty variants
experiments, the best-performing HSS value is consistently the lowest tested value of 1 day of sales
(DOS). But they never outperform the baseline of no HSS. In Experiment B2, where realistic uncertainty
is combined with constant HSS, the best objective value is €92 328 at 1 DOS. This is still worse than
the no-HSS realistic uncertainty baseline of €70 044 in Experiment B1. Experiment B4, with HSS in
the maximum changeover week, performs better than the HSS in changeover weeks variant B3. This
is striking, as in A, C and D, the HSS in max changeover week performs slightly worse than the HSS in
all changeover weeks. This may indicate that under realistic uncertainty conditions, the more targeted
HSS assignment might be a better pick. The artificial uncertainty experiments showed that the HSS
never outperformed the baseline. Experiment D4 was expected to provide one of the most favourable
settings for HSS, because both the perturbation and the HSS are concentrated in the same changeover
week. Nevertheless, the best objective value in D4 is €24 502, which remains higher than the no-HSS
baseline of €2 889 in D1.

These results indicate that, within the current experimental setup, adding HSS to the MRP-Opt model
does not improve the objective function value compared to the baseline without HSS. This conclusion
holds for the no-uncertainty setting, the realistic uncertainty setting and the artificial uncertainty set-
tings. The monotonic increase in objective value as the HSS parameter increases further supports
this conclusion. Across the experiments, higher HSS values lead to larger obsolete material stocks
and therefore to higher obsolete material costs. This suggests that the additional inventory forced by
the HSS constraint is not sufficiently used to compensate for uncertainty before it becomes obsolete.
In other words, the protective value of the buffer is not reflected in the current objective function val-
ues, while the negative effect of holding additional changeover material is directly penalised through
obsolete stock costs.

Although MG2 was selected because lumpy materials are expected to have relatively high potential for
safety stock, the tested set may still contain items for which HSS is not beneficial. If only a few items
benefit from the buffer while the majority experience higher obsolescence, the aggregated objective
value will still deteriorate. To test this theory, it would be worthwhile to zoom into material-specific
obsolete stock costs to see what happens on a item-level. Since only 5 weeks were simulated, not
all changeover weeks of every item fell into this simulation horizon. This could have a negative effect
on the artificial uncertainty experiments, as HSS might have been enforced, without the perturbation
being added to the production plan. Therefore, the simulation horizon could be broadened to ensure
all changeover periods are included.

The artificial uncertainty experiments remain useful, despite not producing an improvement over the
baseline. Their purpose was to create controlled stress scenarios in which HSS should theoretically
have a stronger chance of being beneficial. In the C experiments, the perturbation is applied when the
next simulation week is a changeover week. In the D experiments, the perturbation is concentrated
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even more specifically in the maximum changeover week. These settings help isolate the relationship
between perturbation timing and HSS timing. The fact that HSS still does not improve the object-
ive value under these favourable conditions suggests that the current HSS formulation and objective
function may not be sufficient to create measurable improvements in obsolete stock costs. For the
perturbation, a large value of 123456 was deterministically chosen to test with in these experiments.
Therefore, it could be useful to test other perturbation sizes to see if these provide conditions under
which the current HSS formulation performs well.

Overall, the HSS and uncertainty variant experiments are useful because they separate the effects of
uncertainty assignment and HSS timing. The A experiments confirm the deterministic baseline effect
of HSS. The B experiments show how HSS behaves under data-driven demand variability. The C and
D experiments test whether HSS becomes beneficial under more targeted artificial disruptions around
changeover moments. Together, these experiments provide a structured comparison of the available
modelling variants and show that, within the current Sim-Opt setup, HSS does not outperform the no-
HSS baseline.

6.3. Perturbation size experiments
The experiments in Section 6.2 showed that HSS did not improve the aggregated objective value for the
tested MG2 item set. The experiments using an artificial perturbation in the production plan gave lower
objective values, which is counter intuitive. That is why this section explores different perturbation sizes.
Meanwhile, the experiments in Section 6.2 were evaluated over a set of multiple items. This means
that possible improvements for individual items could have been offset by worse results for other items.
Therefore, the perturbation experiments are only tested with 5 items, to analyse whether HSS can be
beneficial for specific material-location-product combinations. The goal of these experiments is not to
find a general HSS policy for the full material group, but to investigate the behaviour of HSS under
more controlled conditions. By testing only a small number of individual items, the effect of the HSS
parameter can be studied in more detail. This makes it possible to see whether the limited performance
found in Section 6.2 is caused by HSS being generally ineffective, or whether the potential benefit is
more item-specific.

The perturbation size experiments use the artificial uncertainty in the maximum changeover week vari-
ant from Section 6.2. This variant is most relevant for this analysis, because it creates situations in
which HSS should theoretically have the highest chance of being useful. These experiments combine
this uncertainty variant with the assignment of HSS to maximum changeover weeks only. A positive
perturbation applied specifically in the maximum changeover week, together with the HSS assignment
in the same week, creates a controlled stress scenario in which a safety stock buffer could help prevent
unfavourable planning outcomes.

A limitation of the previous experiments was that not all changeover weeks of the tested items occurred
within the simulated horizon. As a result, HSS could be enforced without the corresponding demand
perturbation taking place during the simulation. To avoid this, five items were selected for which the
relevant changeover weeks fall within the expanded simulated period of 11 weeks. They were selected
so that the test set is a varied sample based on the item’s characteristics. Table 6.10 shows these
individually tested items. The table includes the changeover weeks, piece cost, MOQ and one-day-
of-sales for each item. These characteristics are important because they determine how large the
absolute HSS buffer becomes and how costly additional obsolete stock can become.

Table 6.10: Perturbation size Experiments test items

Item Changeover weeks Piece cost MOQ 1 day of sales
[–] [–] [€] [pieces] [pieces]

1 2025-47; 2025-49 0.085176 5 760 48 703
2 2025-46; 2025-46 0.11044 5 446 9 876
3 2025-47; 2025-51 0.0064976 370 000 58 178
4 2025-46; 2025-52 0.06519 24 000 10 084
5 2025-52; 2025-52 0.2470703 2 700 4 004
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The Sim-Opt settings for the perturbation size experiments are shown in Table 6.11. Compared to the
experiments in Section 6.2, the number of simulated weeks is increased from 5 to 11. This ensures
that all selected item changeover weeks are included in the simulation horizon. Full enumeration is
again used to test HSS values from 1 to 7 days of sales. By using fewer items but a longer simulation
horizon, the experiments becomes more suitable for analysing the timing of the perturbation and the
HSS assignment.

Table 6.11: Perturbation size Experiments Sim-Opt settings

Optimisation method Iterations Simulations Weeks simulated Items Start week

Full enumeration 7 10 11 5 2025-43

Figure 6.4 shows all the results of the perturbation size experiments. Appendix L shows the detailed
results of all experiments in this figure.

Figure 6.4: Perturbation size experiments results

The perturbation size experiments show that the effect of the artificial demand spike is not monotonic
in the no-HSS case. In D1, where the perturbation is applied in the maximum changeover week but
no HSS is assigned, the smallest perturbation P = 123 results in slightly higher obsolete costs (€596)
than the no-uncertainty baseline A1 (€575). However, increasing the perturbation to P = 1234 reduces
obsolete costs to €418, while the two largest perturbations, P = 12345 and P = 123456, both result
in zero obsolete stock and therefore zero costs. This is counter-intuitive, because a larger last-minute
demand increase would be expected to increase the probability of additional procurement and MOQ-
related leftover stock. Instead, the results suggest that the larger perturbations consume the stock
that would otherwise have become obsolete, without triggering additional obsolete material in the final
evaluated week. Possibly, the timing of the perturbation is causing the MRP-Opt to not have enough
time to order stock for the increase in production, causing the obsolete stock to not increase either.

When HSS is assigned only in the maximum changeover week, as in D4, the results change substan-
tially. For every perturbation size, the introduction of HSS immediately creates a much higher obsolete
stock level than the no-HSS variant. With P = 123, the total obsolete costs increase from €596 in D1
to €7 507 at a HSS of 1 day of sales (DOS). For P = 1234, this increase is from €418 to €7 360. For
P = 12345 and P = 123456, the difference is even clearer: the no-HSS variant has zero obsolete costs,
whereas D4 with 1 DOS results in €7 264 of obsolete costs. Therefore, the HSS buffer does not reduce
obsolete stock in any perturbation-size setting. Instead, it creates additional leftover inventory that is
penalised after the changeover.
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Comparing the different perturbation sizes within D4 shows that larger perturbations slightly reduce the
obsolete costs caused by HSS, rather than increasing them. At 1 DOS, the obsolete costs decrease
from €7 507 for P = 123, to €7 360 for P = 1234, and to €7 264 for both P = 12345 and P = 123456. A
similar pattern can be seen at higher HSS values: at 7 DOS, the costs are €51 188 for P = 123, €51 010
for P = 1234, and €50 846 for both larger perturbations. This indicates that the positive perturbation
partly consumes the HSS buffer before the changeover, thereby slightly reducing the amount of stock
left obsolete. However, this reduction is small compared to the additional obsolete stock created by
enforcing HSS in the first place.

The item-level results help explain this behaviour. In D4 with P = 123 and 1 DOS, the obsolete stock of
items 1 to 4 is almost exactly equal to their one-day-of-sales value (Table 6.10: 48 703, 9 876, 58 178
and 10 084 pieces respectively. This shows that the HSS constraint is directly visible in the obsolete
stock outcome. The model is forced to retain at least the HSS quantity in the maximum changeover
week, and this quantity becomes obsolete after the changeover. Item 5 deviates somewhat from this
exact pattern, with 4 990 obsolete pieces compared to 4 004 pieces for 1 DOS, suggesting that other
planning logic, existing stock, or ordering effects also influence the final obsolete quantity for this item.

The comparison between P = 12345 and P = 123456 is especially interesting. Both perturbation sizes
produce identical results in D1 and D4. In D1, both lead to zero obsolete costs, and in D4 all HSS
levels from 1 to 7 DOS give exactly the same obsolete stock and cost values for both perturbation
sizes. This suggests that, beyond a certain perturbation threshold, the MRP-Opt response no longer
changes. A likely explanation is that the perturbation pushes the model into the same planning decision
structure, after which increasing the production quantity further does not affect the final obsolete stock
outcome. This suggests that there is either some fundamental reason in the current setup of the Sim-
Opt framework or the MRP-Opt model that causes the HSS to not be beneficial, or that the intuitive
expectation that safety stock can improve performance with high perturbations is unrealistic.

Overall, the perturbation size experiments do not show a case in which HSS improves the object-
ive value. The no-HSS variants always perform better than the corresponding HSS-in-maximum-
changeover-week variants. However, the results do show that perturbation size affects how much of
the HSS buffer remains obsolete. Smaller perturbations leave more of the buffer unused, while larger
perturbations consume part of it. This means that the intuition behind HSS is partly visible, since addi-
tional demand can indeed reduce leftover stock. Nevertheless, the tested HSS quantities are too large
relative to the benefit created by the perturbation, so the net effect remains negative. This supports
the need to test lower HSS values, especially because the one-day-of-sales value already represents
a large absolute quantity for some of the selected items.

6.4. Proof-of-concept experiment
Based on the experiments in Sections 6.2 and 6.3, this final proof-of-concept is proposed to find a scen-
ario in which HSS might be beneficial. To create a worst-case stress scenario, the artificial uncertainty
variant with perturbation in the maximum changeover week is used. It focuses on one item only,
to see how it responds to different HSS and perturbation settings. The results of the previous experi-
ments all showed that 1 DOS performed best, without outperforming no HSS. If zero DOS would have
been included in the HSS experiments, it would have been chosen. Therefore, it is worthwhile testing
lower HSS values in combination with the different perturbation sizes to see how the objective function
value reacts to this. Table 6.12 shows the item that is chosen to test with in this experiment. This
experiment will test only with the HSS in maximum changeover week variant. Therefore, this item
was chosen because its minimum and maximum changeover week are the same week. It is expected
that the impact of the perturbations and HSS assignment would be most easily visible when an item
has only 1 changeover week. Similarly, its MOQ and one-day-of-sales values are in approximately the
same order of magnitude as some of the perturbation sizes.

Table 6.12: Proof-of-concept Experiment test item

Item Changeover weeks Piece cost MOQ 1 day of sales
[–] [–] [€] [pieces] [pieces]

5 2025-52; 2025-52 0.2470703 2 700 4 004
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The Sim-Opt settings in Table 6.13 will be used for this experiment. Here, 17 iterations are used
because this experiment will test the HSS parameters 0.1 to 0.9 with steps of 0.1, and 1 to 7 with steps
of 1. Since this experiment only focuses on 1 item, and its changeover must take place in week 2025-
52, the start week of this experiment is set in week 2025-50 and the simulation will run for 5 weeks.
This should capture the effects of HSS and uncertainty around the changeover week, while keeping
the experiment tractable.

Table 6.13: Proof-of-concept Experiment Sim-Opt settings

Optimisation method Iterations Simulations Weeks simulated Items Start week

Full enumeration 17 1 5 1 2025-50

The results in Tables 6.14 and 6.15 show that the behaviour of the proof-of-concept experiment is
strongly dependent on both the perturbation size and the imposed HSS level. Since week 2026-02
is the final week in the five-week simulation horizon, the obsolete stock values in this week are used
as the final result of each simulation. In the no-HSS case, the obsolete stock costs do not increase
monotonically with the perturbation size. Without uncertainty, the final obsolete stock equals 1 151
pieces, corresponding to €284. With a small perturbation of P = 123, this increases to 2 290 pieces
and €566, while P = 1234 results in 1 692 pieces and €418. However, for the larger perturbation
P = 12345, the obsolete stock becomes zero, and for P = 123456, only 400 pieces remain obsolete,
corresponding to €99. This indicates that a larger positive perturbation in week 2025-52 can consume
more of the old material before or during the changeover, thereby reducing the remaining obsolete
stock at the end of the simulation. This is in line with what was seen in the results of Section 6.3. This
result is important because it shows that the perturbation does not necessarily worsen the obsolete
stock objective. In this specific item-level setting, the perturbation represents additional demand in the
maximum changeover week. When this additional demand is sufficiently large, it helps deplete the old
material stock that would otherwise become obsolete after the changeover.

When HSS is introduced in the maximum changeover week, the results change considerably. Even
low HSS values start to impose additional material stock that can remain after the changeover. For
example, at 0.1 DOS, the results for no uncertainty, P = 123, and P = 1234 remain equal to the
no-HSS case, but for P = 12345, the final obsolete stock increases from zero to 400 pieces (1/10 of
the one-day-of-sales value), corresponding to €99. At 0.2 DOS, the same perturbation results in 801
obsolete pieces and €198. This shows that once the HSS constraint becomes binding, the enforced
buffer is directly reflected in the obsolete stock outcome. Instead of only protecting against uncertainty,
the HSS creates additional material that must still be depleted before the changeover. If the perturbation
is not large enough to consume this buffer, the remaining HSS quantity becomes obsolete.

When looking at the results of 0.2 DOS and 0.3 DOS, you can see a sudden increase in obsolete
material stock and costs. This is because, 0.1 and 0.2 DOS are equal to a HSS of 400 and 801 and
therefore stay below the stock level (1 151) that was already obsolete in the 0 DOS scenario. When
increasing the HSS to 0.3, a HSS of 1 201 is necessary, which is higher than 1 151. Therefore, more
stock is necessary and you see that the obsolete material stock increases with 2 700 pieces to 3 851,
which is equal to the MOQ. This indicates that the MOQs are still enforced in the MRP-Opt tool, but
somehow orders only seem to be executed whenmore HSS is necessary, and not when a high increase
in production quantity is applied.

The comparison across HSS levels shows a clear upward trend in obsolete stock costs as the safety
stock level increases. For the larger HSS values, the obsolete stock increasingly resembles the im-
posed HSS quantity itself. At 1 DOS, the item has a safety stock of 4 004 pieces, which corresponds
to €989 in obsolete material costs for P = 12345 and P = 123456. For higher HSS levels, this effect
becomes even stronger: at 7 DOS, the final obsolete stock reaches 28 028 pieces and €6 925 under
P = 123456. This pattern indicates that the hard safety stock constraint dominates the final obsolete
stock result. The buffer is enforced in the model, but after the changeover the same buffer becomes
leftover stock, which is penalised by the objective function.

The effect of perturbation size is therefore twofold. On the one hand, larger perturbations increase
demand in the maximum changeover week and can help consume old material stock, which lowers
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obsolete stock costs in the no-HSS case. On the other hand, when HSS is active, the perturbation
must first be large enough to consume both the original remaining stock and the additional enforced
buffer. If this does not happen, the HSS quantity remains in the system and becomes obsolete. This
explains why larger perturbations can slightly reduce the negative effect of HSS, but do not reverse
it. The buffer is partly consumed by the demand spike, but not sufficiently to outperform the no-HSS
solution. Meanwhile, the perturbations do not result in procurements with MOQs that should intuitively
also result in more obsolete material costs. This is visible in the no HSS with perturbations experiments.

Compared with the no-HSS variant, the HSS in the maximum changeover week does not improve
the objective value for this proof-of-concept item. The no-HSS variant consistently performs better or
equal in terms of obsolete material costs, especially for the larger perturbations. Overall, the proof-of-
concept experiment confirms the pattern observed in the previous perturbation size experiments: HSS
can be made visible in the item-level results, but it does not improve obsolete material costs under
the current Sim-Opt framework setup. The experiment does demonstrate the mechanism that was
expected from the artificial perturbation setup: a positive perturbation in the maximum changeover
week can reduce obsolete stock by consuming old material before it becomes obsolete. However, the
tested HSS values introduce additional stock that is more costly than the benefit created by this demand
increase. This suggests that, for this item in the current setup, the optimal policy remains to use no
HSS. This experiment confirms the results in the previous sections on a weekly and item level.

Table 6.14: Proof-of-concept Experiment result part 1

HSS Week No uncertainty P = 123 P = 1234 P = 12345 P = 123456
costs stock costs stock costs stock costs stock costs stock

[DOS] [–] [€] [pieces] [€] [pieces] [€] [pieces] [€] [pieces] [€] [pieces]

0 2025-50 284 1151 284 1151 284 1151 284 1151 284 1151
2025-51 284 1151 284 1151 284 1151 284 1151 284 1151
2025-52 284 1151 566 2290 418 1692 0 0 99 400
2026-01 284 1151 566 2290 418 1692 0 0 99 400
2026-02 284 1151 566 2290 418 1692 0 0 99 400

0.1 2025-50 284 1151 284 1151 284 1151 284 1151 284 1151
2025-51 284 1151 284 1151 284 1151 284 1151 284 1151
2025-52 284 1151 566 2290 418 1692 99 400 198 801
2026-01 284 1151 566 2290 418 1692 99 400 198 801
2026-02 284 1151 566 2290 418 1692 99 400 198 801

0.2 2025-50 284 1151 284 1151 284 1151 284 1151 951 3851
2025-51 284 1151 284 1151 284 1151 284 1151 951 3851
2025-52 284 1151 566 2290 418 1692 198 801 297 1201
2026-01 284 1151 566 2290 418 1692 198 801 297 1201
2026-02 284 1151 566 2290 418 1692 198 801 297 1201

0.3 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 566 2290 418 1692 297 1201 396 1602
2026-01 951 3851 566 2290 418 1692 297 1201 396 1602
2026-02 951 3851 566 2290 418 1692 297 1201 396 1602

0.4 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 566 2290 418 1692 396 1602 495 2002
2026-01 951 3851 566 2290 418 1692 396 1602 495 2002
2026-02 951 3851 566 2290 418 1692 396 1602 495 2002

0.5 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 566 2290 1085 4392 495 2002 593 2402
2026-01 951 3851 566 2290 1085 4392 495 2002 593 2402
2026-02 951 3851 566 2290 1085 4392 495 2002 593 2402
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Table 6.15: Proof-of-concept Experiment result part 2

HSS Week No uncertainty P = 123 P = 1234 P = 12345 P = 123456
costs stock costs stock costs stock costs stock costs stock

[DOS] [–] [€] [pieces] [€] [pieces] [€] [pieces] [€] [pieces] [€] [pieces]

0.6 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 593 2402 1085 4392 593 2402 693 2803
2026-01 951 3851 593 2402 1085 4392 593 2402 693 2803
2026-02 951 3851 593 2402 1085 4392 593 2402 693 2803

0.7 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 1233 4990 1085 4392 693 2803 791 3203
2026-01 951 3851 1233 4990 1085 4392 693 2803 791 3203
2026-02 951 3851 1233 4990 1085 4392 693 2803 791 3203

0.8 2025-50 951 3851 951 3851 951 3851 951 3851 951 3851
2025-51 951 3851 951 3851 951 3851 951 3851 951 3851
2025-52 951 3851 1233 4990 1085 4392 791 3203 890 3604
2026-01 951 3851 1233 4990 1085 4392 791 3203 890 3604
2026-02 951 3851 1233 4990 1085 4392 791 3203 890 3604

0.9 2025-50 951 3851 951 3851 951 3851 951 3851 1619 6551
2025-51 951 3851 951 3851 951 3851 951 3851 1619 6551
2025-52 951 3851 1233 4990 1085 4392 890 3604 1088 4404
2026-01 951 3851 1233 4990 1085 4392 890 3604 1088 4404
2026-02 951 3851 1233 4990 1085 4392 890 3604 1088 4404

1 2025-50 1619 6551 1619 6551 1619 6551 1619 6551 1619 6551
2025-51 1619 6551 1619 6551 1619 6551 1619 6551 1619 6551
2025-52 1619 6551 1233 4990 1085 4392 989 4004 989 4004
2026-01 1619 6551 1233 4990 1085 4392 989 4004 989 4004
2026-02 1619 6551 1233 4990 1085 4392 989 4004 989 4004

2 2025-50 2286 9251 2286 9251 2286 9251 2286 9251 2286 9251
2025-51 2286 9251 2286 9251 2286 9251 2286 9251 2286 9251
2025-52 2286 9251 2567 10390 2419 9792 1979 8008 1979 8008
2026-01 2286 9251 2567 10390 2419 9792 1979 8008 1979 8008
2026-02 2286 9251 2567 10390 2419 9792 1979 8008 1979 8008

3 2025-50 3620 14651 3620 14651 3620 14651 3620 14651 3620 14651
2025-51 3620 14651 3620 14651 3620 14651 3620 14651 3620 14651
2025-52 3620 14651 3234 13090 3086 12492 2968 12012 2968 12012
2026-01 3620 14651 3234 13090 3086 12492 2968 12012 2968 12012
2026-02 3620 14651 3234 13090 3086 12492 2968 12012 2968 12012

4 2025-50 4287 17351 4287 17351 4287 17351 4287 17351 4287 17351
2025-51 4287 17351 4287 17351 4287 17351 4287 17351 4287 17351
2025-52 4287 17351 3957 16016 4421 17892 3957 16016 3957 16016
2026-01 4287 17351 3957 16016 4421 17892 3957 16016 3957 16016
2026-02 4287 17351 3957 16016 4421 17892 3957 16016 3957 16016

5 2025-50 4954 20051 4954 20051 4954 20051 4954 20051 4954 20051
2025-51 4954 20051 4954 20051 4954 20051 4954 20051 4954 20051
2025-52 4954 20051 5235 21190 5088 20592 4946 20020 4946 20020
2026-01 4954 20051 5235 21190 5088 20592 4946 20020 4946 20020
2026-02 4954 20051 5235 21190 5088 20592 4946 20020 4946 20020

6 2025-50 6288 25451 6288 25451 6288 25451 6288 25451 6288 25451
2025-51 6288 25451 6288 25451 6288 25451 6288 25451 6288 25451
2025-52 6288 25451 5936 24024 6422 25992 5936 24024 5936 24024
2026-01 6288 25451 5936 24024 6422 25992 5936 24024 5936 24024
2026-02 6288 25451 5936 24024 6422 25992 5936 24024 5936 24024

7 2025-50 6955 28151 6955 28151 6955 28151 6955 28151 6955 28151
2025-51 6955 28151 6955 28151 6955 28151 6955 28151 6955 28151
2025-52 6955 28151 7237 29290 7089 28692 6925 28028 6925 28028
2026-01 6955 28151 7237 29290 7089 28692 6925 28028 6925 28028
2026-02 6955 28151 7237 29290 7089 28692 6925 28028 6925 28028



7
Discussion

This chapter discusses the findings of this research in relation to the main research question: How
can simulation-based optimisation be used to parametrise safety stocks of changeover materials in a
deterministic MIP model, such that rolling horizon performance improves in a stochastic MRP envir-
onment? Building on the literature review, the current state analysis, the data analysis, the modelling
framework and the experimental results, this discussion reflects on the meaning of the obtained res-
ults. The implications for the manufacturer’s MRP process and the methodological limitations of the
proposed framework are also discussed.

7.1. Main interpretation of the results
The central finding of this thesis is that the proposed simulation-based optimisation (Sim-Opt) frame-
work was technically capable of parametrising safety stock levels for changeover materials, but did not
lead to improvements in objective function value. More specifically, the addition of hard safety stock
continuously resulted in an objective value that was worse than the baseline. The variants experiments
in Section 6.2 indicate that the addition of the optimised hard safety stock values did not reduce obsolete
stock costs at a multi-item level. Similarly, Section 6.4 provided the same finding for an individual item.
This is important because it provides a nuanced answer to the main research question: simulation-
based optimisation can indeed be used to parametrise safety stock levels in a deterministic MIP-based
MRP environment, but the resulting policy does not necessarily improve rolling-horizon performance
within the current Sim-Opt framework setup.

This outcome should not be interpreted as proof that safety stock is irrelevant for changeover materials.
Rather, it suggests that in the manufacturer’s current MRP setting, the value of safety stock is highly
dependent on how the performance is measured. The results of the proof-of-concept experiment in
Section 6.4 indicate that the benefits of safety stock, if present, are not visible in the current objective
function. This study highlights the difficulty of translating a robustness measure that is intuitively useful
in practice into a measurable system-wide improvement in a large industry-size application.

A second important interpretation is that the thesis demonstrates a distinction between methodological
feasibility and practical viability. The proposed Sim-Opt framework discussed in Section 1.6 and elab-
orated in Chapter 5 worked as intended from a modelling perspective. Demand uncertainty could be
assigned to the production plans, the MRP-Opt could be run sequentially in a rolling-horizon manner
and the Full Enumeration method could optimise safety stock parameters while treating the original
MIP model as a black box. The performed experiments in Chapter 6 demonstrate that the framework
is operational and capable of exploring the parameter space. However, technical feasibility alone does
not guarantee that the chosen decision variable and evaluation metric will produce business value. This
distinction is highly important when interpreting the results of this thesis.

7.2. Understanding the limited performance
The key question arising from the experimental results is why the optimised safety stock parameters
did not outperform the baseline. The most important explanation lies in the structure of the optimisation
objective chosen for the Sim-Opt framework. As described in Section 5.3, the optimisation procedure
was built around the obsolete stock decision variable. The safety stock optimisation uses obsolete
stock costs as the sole optimisation objective. This design choice was necessary because theMRP-Opt
output did not provide sufficient information on inventory holding costs or rush-order costs. This data
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is needed to model the full trade-off described in Section 1.1 between inventory costs, obsolete stock
costs and costs associated with last-minute orders. As a result, the Sim-Opt framework only captures
one dimension of the financial consequences of safety stock. Any positive economic effect of adding
safety stock such as reducing emergency replenishments or operational instability remained outside
the evaluation logic of the Sim-Opt framework. The additional stock created by HSS is penalised when
it becomes obsolete, while the robustness benefit it may provide remains invisible in the optimisation
result.

This effect is reinforced by the specific characteristics of changeover materials. For regular materials,
additional inventory can often still be consumed in later periods, but for changeover materials the usable
time window is limited. Once the changeover has taken place, remaining stock of the old material
directly becomes obsolete. The experiments confirm this mechanism: applying HSS forces the MRP-
Opt model to retain additional stock during the changeover window. If the simulated demand increase
is not large enough to consume this buffer, the remaining stock becomes obsolete. This explains why
HSS may increase local robustness but will still perform worse under an obsolete-cost-only objective.
Even in artificial perturbation scenarios, where demand is deliberately increased around the changeover
moment, the no-HSS policy remains the best-performing solution. Larger perturbations can consume
part of the available buffer and reduce obsolescence as seen in Section 6.4. However, the general
pattern remains that HSS creates additional obsolete stock whenever the buffer is not fully used.

Another explanation for the limited performance is the aggregation of materials into material groups
and the use of DOS as the HSS unit. Grouping materials by ABC class and demand pattern, in Section
4.3, makes the Sim-Opt procedure computationally feasible for an industry-scale MRP environment. At
the same time, it also means that one HSS value is assigned to a heterogeneous set of items. Items
within the same group can still differ substantially in MOQ, piece cost and material demand behaviour.
Therefore, a group-level HSS policy may be useful for some items but harmful for others, with the ag-
gregate objective masking such item-specific differences. Although, the perturbation size experiment
in Section 6.3 also did not find improvements in objective value when looking at items individually. A
limitation here is that only 5 items were tested in this experiment. Additionally, the material analysis
showed that many changeover materials have intermittent or lumpy demand patterns. For these ma-
terials, a safety stock buffer can be especially valuable as it is harder to plan the procurement of these
materials. But expressing the HSS in average daily demand is not always a strong representation of
actual consumption behaviour. A buffer expressed in days of sales may therefore be too small to matter
for some items, while already being excessive for others.

7.3. MRP-Opt structure and introducing hard safety stock
An important methodological contribution of this thesis is the introduction of the hard safety stock (HSS)
parameter in Section 5.1. This intervention was necessary because the original safety stock constraint
in the MRP-Opt model, described in Section 3.2.1, is a soft constraint. This means that stock may fall
below the safety stock level by using a safety stock slack variable. The objective hierarchy prioritises
obsolete stock minimisation above safety stock slack minimisation. Because of this priority, the original
safety stock parameter could not serve as an external optimisation parameter. The proposed HSS
parameter therefore represents a structural correction to make safety stock binding in the MRP-Opt
model.

This design choice is defensible from a research perspective, but it should also be discussed in a crit-
ical way. By replacing a soft bound with a hard lower bound, this intervention introduces a stronger
operational commitment to inventory coverage than the original MRP-Opt model was designed to re-
spect. This may improve robustness, but it also reduces the flexibility of the MIP to resolve conflict-
ing objectives in complex changeover situations. In environments where simultaneous or sequential
changeovers already create combinatorial constraints, as described in Section 3.2, imposing a HSS
constraint may force the model into more expensive decisions. At the same time, this intervention re-
veals something important about the currently used MRP tool itself. It shows that the manufacturer’s
existing MRP-Opt model, using a soft safety stock constraint, has only limited ability to value robust-
ness under uncertainty. By allowing the stock levels to fall below the safety stock level, robustness is
treated as an afterthought.
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An additional observation concerns the different HSS assignment variants that were tested. The
constant variant applies a hard safety stock throughout the entire planning horizon, the changeover
weeks variant only activates the buffer during the item-specific changeover window, and the maximum
changeover week variant restricts the intervention to the final permissible changeover week. Concep-
tually, the latter two variants were expected to provide a more targeted form of protection by limiting the
amount of time a buffer is exposed to becoming obsolete. However, the experimental results showed
only limited differences between the variants. Although the changeover-based variants consistently per-
formed better than the constant variant, none of the assignment strategies outperformed the no-HSS
baseline. This suggests that the timing of the HSS activation is less influential than the uncertainty for
example. Because obsolete stock costs are prioritised and used as the sole performance metric in the
Sim-Opt framework, any inventory retained through the HSS constraint is likely to be penalised once the
changeover has occurred. The results therefore indicate that a more selective activation policy alone
is insufficient to unlock the potential benefits of safety stock. The differences between the assignment
variants do not demonstrate a superior activation strategy under the current modelling assumptions.

7.4. Uncertainty assignment approach
The approach for modelling the uncertainty presented in Chapter 4 and implemented in Section 5.7 is
an important aspect of this thesis. The data analysis showed that nearly all observed variability in the
production plans was demand-driven, while planning-induced variability was negligible. This justified
the decision to model uncertainty primarily as stochastic changes in production volumes, rather than
random reallocation decisions across locations and resources. The decomposition of these variances
in Section 4.2.1 is therefore an important empirical validation of the uncertainty modelling in this study.
At the same time, the limitations of this uncertainty representation should be recognised. The block-
bootstrapping approach and the use of KDE-fitted zero-truncated distributions for the production plan
deltas created a realistic image of the demand uncertainty. This mechanism was also used for introdu-
cing variability across the planning horizon in the Sim-Opt procedure. A hurdle model was also used for
the uncertainty assignment as the original delta distributions were characterised by a very high share
of zero deltas. The distributions also had long tails driven by a relatively small number of outliers. This
means that the production plans were often stable, interrupted by occasional large changes in demand.
This does raise the question of whether mean-based evaluation of obsolete stock costs across multiple
simulations is sufficient to capture the relevance of rare disruptions in which safety stock might be most
beneficial.

Another limitation concerns the time horizon of the available data. Section 4.1 explicitly notes that
only six months of consistent weekly production plans were available. Within these six months, two
weeks are also missing. The inadequate coverage of a full year could not reliably capture seasonal
patterns or yearly campaign structures for example. This is a substantial limitation because in a FMCG
environment, packaging changes and demand uncertainty are often strongly tied to annual events.
While the uncertainty assignment approach developed in this thesis is appropriate for exploratory and
methodological analysis, it may not be sufficient to support a definitive safety stock policy.

In addition to the realistic uncertainty assignment, this research also tested artificial uncertainty variants
through deterministic perturbations in the production plan. These variants should not be interpreted as
an attempt to represent the full stochastic behaviour observed in the historical data, but rather as con-
trolled stress-test scenarios. By applying a fixed positive perturbation in either the changeover weeks
or specifically in the maximum changeover week, the experiments isolate situations in which safety
stock would theoretically be most valuable. This makes it possible to analyse whether HSS can protect
against sudden demand increases around the most critical weeks of the changeover process. The
results in Section 6.3 show that artificial perturbations can reduce obsolete stock in specific item-level
cases when the additional demand is large enough to consume remaining material stock. However,
they also confirm that the benefits of HSS are highly scenario-dependent. If the perturbation is too
small, occurs outside the changeover window, or does not align with the material’s remaining stock
level, the imposed HSS remains unused and becomes obsolete. Therefore, the artificial uncertainty
assignment is useful as a methodological stress test, but it should be interpreted separately from the
realistic uncertainty approach. Its main value lies in showing under which controlled conditions safety
stock could be more beneficial, rather than in providing a general representation of demand uncertainty.
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7.5. Material grouping and material representation
The material classification used in this research provides a structured way to reduce the complexity of
safety stock parametrisation. By combining the ABC analysis with the demand pattern classification in
Section 4.3, the changeover materials are grouped according to both economic relevance and demand
behaviour in Section 5.5. This is useful because safety stock is not expected to have the same relev-
ance for every material. High-value materials have a larger impact on inventory costs, while materials
with lumpy or intermittent demand are more difficult to plan because their demand is less regular. The
resulting material groups therefore provide a practical basis for selecting candidate materials for the
Sim-Opt framework. At the same time, this grouping is a simplification of reality. Items within the same
material group can still differ in terms of MOQ, piece cost, production location and remaining demand
before the changeover. Therefore, assigning one HSS value to an entire group can still mask item-level
differences. A safety stock level that is suitable for one material in a group may be too high or too low
for another material in the same group.

A limitation of the experiments is that they were only performed on materials from one material group,
MG2. This group was selected because A-class materials with lumpy demand were expected to be
among the most promising candidates for safety stock optimisation: they combine high economic rel-
evance with uncertain demand quantities. However, testing only one group limits the generalisability
of the results. The finding that HSS does not improve obsolete stock costs for MG2 does not neces-
sarily mean that the same conclusion holds for all other material groups. For example, intermittent
materials or smooth high-value materials may respond differently to HSS. The perturbation size and
proof-of-concept experiments focused on an even smaller subset of materials in MG2, making their res-
ults even more specific to individual items. This is an important limitations, however the trend seen in
their results is similar to the variants experiments, which were tested on more materials. The addition of
safety stock always increases the obsolete material costs. This suggests that the reason behind these
findings is not primarily caused by the material selection, but rather by the current objective function
and Sim-Opt setup.

7.6. Optimisation method
The use of Full Enumeration technique, described in Section 5.4, as the optimisation method provided
a clear and reliable way to evaluate the tested HSS parameter range, because every integer value
between the lower and upper bound was evaluated. This made the results easy to interpret and ensured
that, within the defined search space of 0 to 7 days of sales, the best-performing HSS value was
found. However, this technique also created several limitations. Full Enumeration is only feasible
when the number of parameters and tested values remains small, because the number of required
Sim-Opt evaluations increases rapidly with wider HSS bounds or when more optimisation parameters
are added. As a result, the experiments had to remain relatively limited in scope, and the method
was mainly suitable for testing one material group and a small set of HSS values. The results show
that the lowest HSS values consistently performed best, which suggests that expanding the search
range above 7 DOS would likely not have improved the objective value under the current obsolete cost
objective. Nevertheless, Full Enumeration limits the scalability of the framework and is not suitable for
larger, more realistic parameter spaces.

7.7. Contribution to literature
In relation to the literature reviewed in Chapter 2, this thesis contributes in several ways. First, it expli-
citly focuses on changeover materials, whereas much of the existing literature on safety stock paramet-
risation under uncertainty concentrates on stable materials. Secondly, this study treats the manufac-
turer’s MRP process as a sequential decision analytics problem. It evaluates parameter choices over
multiple weekly re-optimisations rather than a single deterministic run. Third, it applies a simulation-
based optimisation framework to an existing large-scale industrial problem, while treating the model as
a black-box. This combination, which is identified in Section 2.3, is relatively uncommon in literature.

The academic value of the thesis does not depend solely on demonstrating a positive cost improvement.
This study also contributes by identifying the conditions under which safety stock parametrisation is
difficult to make effective. Examples of this are partial objective functions and strong internal model
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preferences for lean inventories. Building a working simulation-based optimisation framework through
which further research on safety stock optimisation could be performed, also provides academic value.
The limitations discussed in this chapter present relevant insights for both researchers and practitioners,
and make the thesis valuable even though the final business result was not positive.

7.8. Practical implications for the manufacturer
For the manufacturer, the main implication of this research is that the developed framework should not
yet be regarded as a final decision rule for the setting of safety stock levels of changeover materials.
Although the study demonstrates that safety stock parameters can be optimised around the existing
MRP-Opt model in a stochastic simulation environment, the final results do not show a performance
improvement caused by HSS under the KPI currently used in this research. A generic rollout of hard
safety stock values for all changeover materials is therefore not recommended on the basis of the
present findings alone. Instead, the framework should currently be interpreted as a structured decision-
support instrument that can support targeted experimentation and learning.

At the same time, the results indicate that the current planning logic can undervalue robustness. The
original MRP-Opt structure prioritises obsolete stock minimisation and allows safety stock violations
through a soft constraint. Due to this, inventories of changeover materials can still be planned below
their intended safety stock level when this benefits the obsolete stock sub-objective. This suggests
that the economic consequences of insufficient robustness are not yet fully visible in the current MRP-
Opt objective structure. The manufacturer is therefore recommended to improve the measurement
and availability of data such as inventory holding costs and costs associated with rush orders. With
this information available, future analyses can evaluate the full economic trade-off of robustness rather
than doing performance measurements with obsolete materials only.

Beyond the safety stock optimisation results, this thesis creates value for the manufacturer through the
data analysis that was conducted on both materials and production plans. The production plan analysis
demonstrated that more than 99.98% of the observed variability originates from demand fluctuations
rather than planning decisions. This suggests that future improvement initiatives could focus on man-
aging demand uncertainty instead of adjusting production allocation logic. Furthermore, the developed
methodology for analysing historical production plans using block bootstrapping and kernel density
estimation provides the manufacturer with a structured and reproducible way to quantify uncertainty
and evaluate the robustness of planning policies. The material analysis also delivers direct practical
insights. By classifying changeover materials according to both demand behaviour (smooth, intermit-
tent, erratic and lumpy) and economic importance through an ABC analysis, the manufacturer gains a
more detailed understanding of its material and inventory portfolio. This classification highlights which
materials contribute most to inventory value and which materials are characterised by high uncertainty.
This creates a valuable decision-support foundation that can be reused for future planning initiatives.

This thesis provides the manufacturer with a valuable methodological asset: a simulation-based optim-
isation framework that can be reused to evaluate other planning parameters or policy designs in the
future. Although the specific safety stock policy tested in this thesis did not outperform the baseline,
the Sim-Opt framework is still useful. It can be used to test other robustness interventions in a rolling-
horizon setting without analytically reformulating the underlying MIP model. A practical next step would
be to apply the framework to other scenarios. The findings of this study suggest that the benefits of
safety stock are likely to be material-specific rather than system-wide. Some materials may benefit
from safety stocks to mitigate uncertainty, while others simply experience additional obsolescence risk
caused by these buffers. The manufacturer is therefore advised to use the current framework to identify
candidate materials or material groups for which HSS can work in the future. The simulation-based op-
timisation framework can support such future analyses. At this stage, it should primarily be regarded as
a methodological foundation for structured experimentation, rather than as a stand-alone operational
policy.



8
Conclusion

This chapter first presents the conclusions of this research, by answering the research questions in
Section 1.3. After presenting the conclusions, several recommendations for future research will be
elaborated on in this chapter.

8.1. Conclusion
This thesis set out to examine how simulation-based optimisation can be used to parametrise safety
stocks of changeover materials in a deterministic MIP model, such that rolling horizon performance
improves in a stochastic MRP environment. Based on the performed research, the following main
conclusion is established. This research proved that simulation-based optimisation can indeed be
used to determine safety stock levels for changeover materials in such an environment, but this did not
lead to an improvement in rolling horizon performance within the scope of this study. In that sense, the
developed framework proved to be methodologically feasible, but its performance fell short compared
to the no HSS baseline.

Regarding RQ1, this thesis finds that the state of the art on determining planning parameters in MRP
under uncertainty is mainly focused on demand uncertainty and on standard materials. The reviewed
literature shows that uncertainty in MRP is typically mitigated through buffers such as safety stock
and safety lead time. More recent studies increasingly use simulation-based optimisation, metaheur-
istics or stochastic optimisation methods to determine planning parameters. Only limited attention is
paid to changeover materials specifically. This is relevant, since changeover materials are character-
ised by a different trade-off than standard materials. Holding additional stock may improve robustness
against uncertainty in the production plan, but it also increases the risk of material obsolescence when
a material is phased out. This thesis therefore confirms that a research gap exists with regard to the
parametrisation of safety stocks for changeover materials in stochastic MRP environments. Meanwhile,
the application on an industry-size problem provides an additional contribution to the literature.

RQ2 concerned the current state of the manufacturer’s MRP process. The analysis showed that this
process can be identified as a sequential decision analytics process in which the MRP-Opt model is
solved every week using updated data. The current safety stock logic in the manufacturer’s MRP pro-
cess is deterministic and the corresponding safety stock constraint in the MRP-Opt model is not bound-
ing. This allows stock levels to fall below the specified safety stock level whenever that helps reduce
obsolete stock costs. As obsolete stock minimisation has a higher priority in the model, robustness is
effectively treated as secondary. Because of this, changeover materials are often planned with limited
protection against changes in demand. The data analysis showed that almost all observed variability
in the production plans is demand-driven, while location planning-induced variability is negligible. The
material analysis further demonstrated that the manufacturer’s changeover materials are dominated by
intermittent and lumpy demand patterns. In addition, the ABC analysis showed a strong concentration
of inventory value within a relatively small subset of items, with class A materials accounting for the ma-
jority of the total value. These findings motivated the material grouping approach used in the Sim-Opt
framework and highlighted A-class lumpy and intermittent materials as the most relevant candidates
for safety stock optimisation.

To answer RQ3, a simulation-based optimisation framework was developed in which the MRP-Opt
model was treated as a black box. The MRP-Opt tool was embedded in the Sim-Opt framework, which
used an Optimisation with Simulation-based Iterations approach. In this framework, hard safety stock
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values were introduced as binding parameters. Meanwhile, uncertainty was assigned to the production
plans using historical production-plan deltas derived through a method based on block bootstrapping.
The safety stock parameter space was searched using a Full Enumeration technique. Meanwhile, the
framework explored several variants of applying HSS and also more artificial uncertainty variants. The
experimental results showed that simulation-based optimisation can be used to optimise safety stock
parameters in a rolling horizon setting, while imitating the manufacturer’s MRP process using its MRP-
Opt model as it is used in practice.

The experimental results show that the proposed hard safety stock approach did not produce lower
obsolete stock costs than the baseline situation across all tested scenarios. In the realistic uncertainty
experiments, as well as in the artificial perturbation scenarios designed to create favourable conditions
for safety stock, low safety stock levels consistently generated the best performance. Increasing the
hard safety stock generally resulted in higher obsolete stock costs, while the Sim-Opt optimisation
procedure repeatedly converged towards to the lowest buffer levels. The experiments further demon-
strated that the framework produced stable and reproducible results under different Sim-Opt settings,
uncertainty assignments and HSS magnitudes and application time windows. None of the experiments
was able to change the finding that additional safety stock was unable to compensate for uncertainty.
These findings indicate that, within the tested environment and performance measure, retaining extra
inventory around changeovers introduces more obsolete material than it prevents. This makes a gen-
eric hard safety stock policy ineffective for improving system-wide performance. The conclusion of this
thesis is therefore not that safety stock is irrelevant for changeover materials. It is rather that no gen-
eralisable safety stock policy could be found to provide an improvement under the current modelling
assumptions, limitations and available data.

In conclusion, this thesis shows that simulation-based optimisation is a viable method for parametrising
safety stocks of changeover materials in a deterministic MIP-based MRP environment. Such an ap-
proach can be implemented in a realistic industrial setting while treating the original MRP optimisation
model as a black box. However, the results show that this technical capability does not automatic-
ally lead to improved performance in the current research setup. The main contribution of this thesis
therefore lies in the developed framework itself. Other contributions lie in the insights from the data
analyses and in making explicit where current KPI design, data availability and model design limit the
measurable value of robustness. The Sim-Opt framework developed in this study should be seen as a
foundation for further research and future practical testing, rather than as a final decision rule for safety
stock policy in the manufacturer’s MRP process.

8.2. Recommendations for further research
This research showed that simulation-based optimisation can be used to parametrise hard safety stock
levels for changeover materials in a deterministic, black-box MRP optimisation model. However, the ex-
periments did not show an improvement in rolling-horizon performance when performance was meas-
ured only through obsolete stock costs. Across the tested uncertainty scenarios, higher hard safety
stock levels generally increased obsolete material costs, while the lowest tested safety stock levels
consistently performed best. This suggests that a generic hard safety stock policy is not effective under
the current objective structure. Future research should therefore focus on improving how robustness,
uncertainty and material-specific trade-offs are represented in the framework. The following sections
will explore specific recommendations for further research.

8.2.1. Broaden the objective function
The most important recommendation is to extend the objective function beyond obsolete stock costs.
In this thesis, obsolete stock costs were used as the only optimisation objective because inventory
holding costs and rush-order costs were not available from MRP-Opt. However, this only captures
the downside of safety stock. The potential benefits, such as preventing last-minute procurement,
avoiding MOQ-triggered orders or reducing operational disruption, are not measured. As a result, the
optimisation is naturally pushed toward low or zero safety stock levels.

Future research should include obsolete stock costs, inventory holding costs and rush-order costs in
one objective function. For example, a policy with one or two days of sales as safety stock may create
slightly more obsolete stock after a changeover, but it could still be beneficial if it prevents an expensive
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last-minute MOQ order shortly before the changeover. This could lead to different conclusions than in
this research, where safety stock could only be penalised through additional obsolete material.

To support a broader objective function, more operational data should be collected, analysed, and
potentially integrated. Relevant data includes historical rush orders, urgent transport costs, inventory
holding costs and write-off costs. These data sources would make it possible to evaluate whether safety
stock prevents costs that are currently invisible in the simulation output. This is especially relevant
because the current results should not necessarily be interpreted as proof that safety stock has no
value. Rather, they show that safety stock does not reduce obsolete stock costs when evaluated in
isolation. With richer cost data, future research could distinguish between safety stock that is truly
inefficient and safety stock that is useful.

8.2.2. Move toward material-specific safety stock policies
The material analysis showed that changeover materials differ strongly in both economic importance
and demand behaviour. Many items have intermittent or lumpy demand, while the ABC analysis
showed that a relatively small share of items represents most of the total inventory value. This means
that a single generic safety stock policy is unlikely to work well for all materials.

Future research should therefore test more material-specific or scenario-specific policies. A promising
direction is to focus on high-value materials with uncertain demand, such as A-lumpy and A-intermittent
materials. These materials have both financial relevance and demand uncertainty, making them more
likely to benefit from targeted robustness measures. Although these kinds of materials were tested
in this research, it did test all of them. Meanwhile, a very limited number of materials was tested
individually to see what the effect of HSS and uncertainty had on the simulation results. Therefore,
it is recommended to test more items individually. At the same time, testing items in other material
groups could show if HSS is beneficial for items with different material characteristics. For example, an
A-lumpy material with a high MOQ and a short changeover window may justify a small buffer, while a
low-value intermittent material may not.

8.2.3. Refine the uncertainty modelling
The uncertainty analysis showed that almost all observed variability in the production plans was demand-
driven rather than caused by planning reallocations. This supports the decision to model uncertainty
through demand perturbations. However, the available historical data covered only about half a year,
which limits the ability to capture seasonality, campaign effects and rare demand shocks. Future re-
search should repeat the uncertainty analysis with at least one full year, and preferably multiple years,
of production plan data. This would make the fitted uncertainty distributions more reliable. Another
recommendation would be to perform an extra analysis into the distinction between normal demand
variation, seasonal patterns and exceptional disruptions. This distinction creates the possibility for the
HSS policy to anticipate on seasonal demand patterns, and to disregard extreme disruptions. With this,
the HSS parametrisation could become more accurate and fit better with realistic demand patterns.

Because changeover materials become obsolete after transition, the timing of uncertainty is especially
important. A demand increase shortly before the final changeover week can create a very different risk
than a demand increase much earlier in the horizon. The artificial perturbation experiments already
explored this idea, but future research could model uncertainty around changeover windows in a more
data-driven way. For example, historical changeovers could be analysed to determine whether certain
materials or product groups often experience late demand increases before changeover. Safety stock
could then be activated only for those cases, instead of applying it across broader time windows or
material groups. This may reveal situations in which a small, temporary buffer is useful, even though
the broader hard safety stock policies tested in this thesis did not improve performance.

8.2.4. Explore robustness measures beyond safety stock
The results indicate that hard safety stock alone may be too limited as a robustness measure for
changeover materials. Since additional stock can quickly become obsolete after a changeover, future
research should compare safety stock with other interventions, such as safety lead times, adjusted
order timing or MOQ-aware replenishment rules. For instance, instead of holding extra material, the
system could delay procurement until more reliable demand information is available or split orders
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when suppliers allow it. These alternatives may provide robustness without creating as much leftover
inventory. A criterion for this is that the necessary data should be available to explore these options.
Meanwhile, some of these alternatives might also require too many fundamental changes to the man-
ufacturer’s MRP process.

8.2.5. Improve computational scalability
Full Enumeration was useful in this thesis because the tested parameter space was small and it
provided a clear benchmark. However, it is not suitable for larger-scale optimisation with more ma-
terials, wider parameter ranges or multiple decision variables. Future research could therefore explore
more scalable optimisation methods, such as Simulated Annealing. Simulated Annealing would create
the possibility of optimising multiple decision variables at a time, while also exploring a larger parameter
space. When other changes to the Sim-Opt framework provide scenarios in which HSS is found to be
beneficial, it is worth exploring the HSS parameters on a more granular level, for example 2 decimals,
compared to integers. This increases the parameter space, requiring a more scalable optimisation
method than Full Enumeration. Improving scalability would allow the framework to evaluate larger
and more realistic material sets. It would also make it possible to optimise multiple material groups or
planning parameters simultaneously, rather than testing one limited safety stock setting at a time.

8.2.6. Validate the framework with practical planning cases
Finally, future research should validate the framework using historical planning cases and planner feed-
back. Planners often know when the MRP output is theoretically cost-efficient but operationally risky.
Comparing the framework’s recommendations with real planner interventions, rush-order cases or ob-
solete stock incidents would help assess whether the model captures the right trade-offs. This would
also help determine whether the framework can become a practical decision-support tool. Even if a
policy does not minimise obsolete stock costs, it may still be valuable if it reduces operational risk or
prevents difficult last-minute planning decisions.

Overall, future research should build on the framework developed in this thesis, but should not directly
adopt the tested hard safety stock policies as final planning rules. The framework is most valuable as
a structured method for evaluating planning parameters under uncertainty.
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AI statement

During the preparation of this thesis, Artificial Intelligence (AI) tools were used as supportive aids in
several parts of the research and writing process. AI was used to assist with the development and
refinement of Python code for modelling and experimentation, to support parts of the data analysis,
and to help structure and report the results. In addition, AI was used to improve the readability of the
text and strengthen the use of scientific and formal academic language. AI was used only as a support
tool and not to independently provide results. Any AI-generated suggestions, code fragments or text
revisions were critically reviewed, verified and adjusted before being included.
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B
MRP-Opt inputs & outputs

B.1. MRP-Opt input
The model uses a large amount of data to optimise the changeover process. It uses three main categor-
ies of input data: i) Master data; ii) Periodic data and iii) Vendor data. The optimisation tool is connec-
ted to the manufacturer’s API, so it automatically uploads the available data on a daily or weekly basis.
Some specific data, for example changeover data, needs to be added manually by the manufacturer’s
planners. The manufacturer relies on vendors to supply or update their data in a timely manner. Table
B.1 gives an overview of all the input data that the model requires.

Table B.1: Overview of data inputs and their descriptions

Data Input Description
location master location description, local and global location IDs, location type, and country
item master item description, global item ID, and common material group (CMG) code
local item mapping mapping between local item codes and global item codes
conversion factors volume-based conversion factors for finished products
location stock stock levels per location
scheduled receipts process orders or scheduled receipts for finished product production
BOM bill of materials for finished products
production step mapping between finished product–resource combinations and production methods
production method mapping of production methods to BOM versions
purchase order purchase orders and call-offs
vendor quotas vendor quota splits for materials
material plant material–plant parameters such as safety stock, minimum lot size, and piece costs
goods receipt received purchase orders
goods movements goods movement records for items
vendor master mapping of vendor codes to vendor names
production plan production plan for finished products
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B.2. MRP-Opt output
The tool will send an optimisation request to a server, after which it returns the optimisation results
after several hours. The results are visualised in an informative user interface, so planners are able to
work with it easily. Table B.2 mentions the output that the optimisation generates and what they mean.
For example, the model generates a changeover projection, from which planners can see what the
projected stock levels of changeover materials will be over the coming months.

Table B.2: Overview of optimisation output and their descriptions

Model output Description
vendor stock projection overview per vendor of all items and their stock projections for all relevant items
national stock projection projection of stock and forecast at a national level, aggregated over all vendors and

production plants
changeover projection projection of stock levels for items that have planned changeovers
obsolete costs overview of obsolete costs resulting from planned changeovers, including obsolete

quantities and associated costs for old materials
obsolete analysis detailed analysis of items becoming obsolete due to planning decisions
location stock projection aggregated stock projection at the location level for each material
stock coverage overview of stock coverage for relevant materials
deadstock items marked as obsolete can be flagged as deadstock, making them part of obsol-

ete cost calculations and allowing the model to disregard safety stock to minimize
obsoletes

material restriction overview of material restrictions impacting supply, production, or planning
optimisation summary summary of the optimisation results across the supply chain
vendor forecast forecast information for suppliers, including purchase orders, call-offs, and model-

generated forecast



C
Statistical metrics

C.1. Sample standard deviation

s =

√√√√ 1

n− 1

n∑
i=1

(Xi − X̄)2

Where:

• s = sample standard deviation

• Xi = i-th observation in the dataset
• X̄ = sample mean
• n = number of observations
•
∑

= summation over all observations

C.2. Standard error
SE =

s√
n

Where:

• SE = standard error

C.3. Coefficient of variation
CV =

s

X̄
× 100%

Where:

• CV = coefficient of variation

C.4. Delta
∆x = xcurrent − xprevious

Where:

• ∆x = change in variable x

• xcurrent = current value of x
• xprevious = previous value of x
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D
Delta distributions per block

Figure D.1: Zero-truncated delta distribution with PDF of block 1
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Figure D.2: Zero-truncated delta distribution with PDF of block 2

Figure D.3: Zero-truncated delta distribution with PDF of block 3

Figure D.4: Zero-truncated delta distribution with PDF of block 4
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Figure D.5: Zero-truncated delta distribution with PDF of block 5

Figure D.6: Zero-truncated delta distribution with PDF of block 6

Figure D.7: Zero-truncated delta distribution with PDF of block 7
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Figure D.8: Zero-truncated delta distribution with PDF of block 8

Figure D.9: Zero-truncated delta distribution with PDF of block 9

Figure D.10: Zero-truncated delta distribution with PDF of block 10
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Figure D.11: Zero-truncated delta distribution with PDF of block 11

Figure D.12: Zero-truncated delta distribution with PDF of block 12

Figure D.13: Zero-truncated delta distribution with PDF of block 13



E
Delta distributions of CMG

subcategories
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(a) GA02 (b) FA01

(c) GA03 (d) FA02

(e) GA11 (f) GA07

(g) GA06 (h) GA10

Figure E.1: Mean of nonzero deltas per rolling 4-week block for subcategories
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(a) GA02 (b) FA01

(c) GA03 (d) FA02

(e) GA11 (f) GA07

(g) GA06 (h) GA10

Figure E.2: Standard deviation of nonzero deltas per rolling 4-week block for subcategories



F
Demand pattern classification

Figure F.1: Material demand classification
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G
S2 Number of simulations result

Table G.1: S2 Experiment result

Simulation Obsolete costs Sample mean s Relative error
[–] [€] [€] [€] [-]

1 158 039 158 039 - -
2 192 955 175 497 24 689 0.195
3 147 834 166 276 23 661 0.161
4 141 051 159 970 23 072 0.141
5 179 948 163 965 21 888 0.117
6 148 381 161 368 20 585 0.102
7 176 475 163 526 19 640 0.089
8 161 489 163 272 18 197 0.077
9 147 428 161 511 17 822 0.072
10 155 190 160 879 16 921 0.065
11 164 916 161 246 16 099 0.059
12 134 284 158 999 17 210 0.061
13 128 684 156 667 18 499 0.064
14 178 244 158 208 18 685 0.062
15 160 505 158 362 18 015 0.058
16 144 194 157 476 17 761 0.055
17 178 003 158 684 17 903 0.054
18 261 491 164 395 29 814 0.084
19 145 400 163 395 29 300 0.081
20 152 358 162 843 28 625 0.077
21 175 490 163 446 28 036 0.073
22 166 865 163 601 27 370 0.070
23 142 972 162 704 27 085 0.068
24 108 801 160 458 28 684 0.072
25 155 416 160 257 28 098 0.069
26 155 449 160 072 27 546 0.066
27 128 726 158 911 27 677 0.066
28 164 072 159 095 27 177 0.063
29 149 168 158 753 26 751 0.061
30 156 543 158 679 26 289 0.059
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H
A Experiments results

Table H.1: Experiment A1 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 3 180 15 735 0

Table H.2: Experiment A2 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 28 612 330 462 1
2.1 51 180 632 410 2
3.1 73 814 931 612 3
4.1 96 381 1 233 560 4
5.1 119 013 1 536 169 5
6.1 142 184 1 840 156 6
7.1 166 984 2 152 547 7

Table H.3: Experiment A3 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 24 321 308 553 1
2.1 44 794 598 672 2
3.1 65 334 886 045 3
4.1 85 807 1 176 164 4
5.1 106 375 1 467 304 5
6.1 127 422 1 759 102 6
7.1 147 930 2 049 584 7

Table H.4: Experiment A4 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 24 905 312 046 1
2.1 45 902 604 938 2
3.1 67 026 895 804 3
4.1 88 023 1 188 696 4
5.1 109 050 1 481 948 5
6.1 130 745 1 777 900 6
7.1 151 772 2 071 152 7
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B Experiments results

Table I.1: Experiment B1 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 33 443 183 224 1
1.2 128 619 1 416 651 1
1.3 170 255 2 369 178 1
1.4 26 918 1 849 907 1
1.5 109 729 972 376 1
1.6 1 911 12 163 1
1.7 93 889 868 433 1
1.8 967 6 726 1
1.9 2 770 17 266 1
1.10 131 935 2 318 623 1

1.M 70 044 – 1
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Table I.2: Experiment B2 result part 1

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 57 277 485 637 1
1.2 155 299 1 689 561 1
1.3 195 615 2 646 953 1
1.4 52 198 2 106 198 1
1.5 125 218 1 209 495 1
1.6 24 347 313 545 1
1.7 116 319 1 164 342 1
1.8 22 724 301 600 1
1.9 25 069 315 604 1
1.10 149 215 2 503 879 1

1.M 92 328 – 1

2.1 78 062 775 716 2
2.2 179 567 1 952 366 2
2.3 208 445 2 807 588 2
2.4 74 614 2 349 712 2
2.5 152 683 1 548 957 2
2.6 45 997 606 435 2
2.7 138 140 1 458 096 2
2.8 45 771 604 792 2
2.9 46 096 608 313 2
2.10 166 220 2 689 975 2

2.M 113 560 – 2

3.1 100 300 1 073 495 3
3.2 193 964 2 125 497 3
3.3 234 465 3 076 363 3
3.4 97 697 2 595 926 3
3.5 180 418 1 885 219 3
3.6 70 620 917 772 3
3.7 160 530 1 753 542 3
3.8 68 178 905 413 3
3.9 70 806 921 291 3
3.10 183 769 2 876 671 3

3.M 136 075 – 3
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Table I.3: Experiment B2 result part 2

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

4.1 121 084 1 363 574 4
4.2 218 200 2 387 942 4
4.3 248 494 3 249 507 4
4.4 120 113 2 839 440 4
4.5 195 115 2 119 981 4
4.6 93 143 1 219 293 4
4.7 182 352 2 047 358 4
4.8 91 197 1 208 476 4
4.9 92 102 1 215 166 4
4.10 201 453 3 065 826 4

4.M 156 325 – 4

5.1 143 192 1 663 193 5
5.2 234 430 2 578 627 5
5.3 272 545 3 511 245 5
5.4 143 823 3 092 134 5
5.5 223 468 2 463 163 5
5.6 115 394 1 518 506 5
5.7 204 074 2 340 042 5
5.8 113 576 1 508 968 5
5.9 114 280 1 511 655 5
5.10 219 017 3 252 681 5

5.M 178 380 – 5

6.1 164 131 1 952 466 6
6.2 256 993 2 826 126 6
6.3 299 019 3 790 162 6
6.4 165 638 3 330 202 6
6.5 238 507 2 700 404 6
6.6 137 721 1 817 723 6
6.7 225 955 2 630 965 6
6.8 136 034 1 806 771 6
6.9 137 636 1 817 859 6
6.10 236 100 3 436 390 6

6.M 199 773 – 6

7.1 187 739 2 259 105 7
7.2 285 437 3 148 376 7
7.3 311 906 3 954 677 7
7.4 191 544 3 592 976 7
7.5 263 823 3 022 661 7
7.6 158 796 2 108 989 7
7.7 247 714 2 924 156 7
7.8 158 401 2 107 206 7
7.9 160 633 2 120 166 7
7.10 254 004 3 625 027 7

7.M 222 000 – 7
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Table I.4: Experiment B3 result part 1

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 52 986 463 728 1
1.2 149 805 1 656 760 1
1.3 192 318 2 624 232 1
1.4 47 907 2 084 289 1
1.5 121 921 1 186 774 1
1.6 22 253 301 716 1
1.7 113 022 1 141 621 1
1.8 20 630 289 771 1
1.9 22 835 303 135 1
1.10 145 779 2 480 517 1

1.M 88 946 – 1

2.1 71 676 741 978 2
2.2 170 775 1 896 844 2
2.3 201 851 2 762 146 2
2.4 68 228 2 315 974 2
2.5 146 120 1 503 875 2
2.6 41 809 582 777 2
2.7 131 545 1 412 654 2
2.8 41 582 581 134 2
2.9 41 877 584 295 2
2.10 159 626 2 644 533 2

2.M 107 509 – 2

3.1 91 820 1 027 928 3
3.2 181 875 2 047 254 3
3.3 224 574 3 008 200 3
3.4 89 217 2 550 359 3
3.5 170 526 1 817 056 3
3.6 64 337 882 285 3
3.7 150 639 1 685 379 3
3.8 61 896 869 926 3
3.9 64 524 885 804 3
3.10 173 878 2 808 508 3

3.M 127 329 – 3
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Table I.5: Experiment B3 result part 2

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

4.1 110 510 1 306 178 4
4.2 202 815 2 286 978 4
4.3 235 306 3 158 623 4
4.4 109 539 2 782 044 4
4.5 181 927 2 029 097 4
4.6 84 766 1 171 977 4
4.7 169 164 1 956 474 4
4.8 82 820 1 161 160 4
4.9 83 725 1 167 850 4
4.10 188 265 2 974 942 4

4.M 144 884 – 4

5.1 130 493 1 593 608 5
5.2 215 747 2 454 942 5
5.3 256 060 3 397 640 5
5.4 131 155 3 022 909 5
5.5 206 983 2 349 558 5
5.6 104 923 1 459 361 5
5.7 187 588 2 226 437 5
5.8 103 106 1 449 823 5
5.9 103 810 1 452 510 5
5.10 202 532 3 139 076 5

5.M 164 240 – 5

6.1 149 369 1 871 412 6
6.2 235 614 2 685 166 6
6.3 279 051 3 654 282 6
6.4 150 875 3 249 148 6
6.5 219 357 2 569 884 6
6.6 125 156 1 746 749 6
6.7 206 774 2 500 085 6
6.8 123 469 1 735 797 6
6.9 125 041 1 746 525 6
6.10 216 919 3 305 510 6

6.M 183 163 – 6

7.1 168 685 2 156 142 7
7.2 258 564 2 974 615 7
7.3 288 640 3 796 076 7
7.4 172 490 3 490 013 7
7.5 241 345 2 869 060 7
7.6 144 137 2 026 186 7
7.7 225 236 2 770 555 7
7.8 143 742 2 024 403 7
7.9 145 835 2 036 723 7
7.10 231 387 3 470 785 7

7.M 202 006 – 7
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Table I.6: Experiment B4 result part 1

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 52 986 463 728 1
1.2 149 488 1 653 037 1
1.3 182 068 2 536 236 1
1.4 47 907 2 084 289 1
1.5 121 487 1 184 208 1
1.6 22 155 300 575 1
1.7 113 022 1 141 621 1
1.8 20 630 289 771 1
1.9 21 566 295 446 1
1.10 63 356 1 512 837 1

1.M 79 467 – 1

2.1 71 676 741 978 2
2.2 162 936 1 827 069 2
2.3 198 378 2 731 317 2
2.4 68 228 2 315 974 2
2.5 140 417 1 457 721 2
2.6 41 787 582 517 2
2.7 131 527 1 412 510 2
2.8 41 582 581 134 2
2.9 41 399 581 645 2
2.10 81 112 1 722 774 2

2.M 97 904 – 2

3.1 91 851 1 028 288 3
3.2 180 741 2 037 304 3
3.3 215 786 2 934 524 3
3.4 89 248 2 550 719 3
3.5 161 569 1 740 415 3
3.6 64 337 882 285 3
3.7 150 639 1 685 379 3
3.8 61 896 869 926 3
3.9 62 716 875 113 3
3.10 99 795 1 938 748 3

3.M 117 858 – 3
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Table I.7: Experiment B4 result part 2

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

4.1 110 510 1 306 178 4
4.2 197 368 2 238 833 4
4.3 233 500 3 144 180 4
4.4 109 539 2 782 044 4
4.5 179 951 2 011 689 4
4.6 84 766 1 171 977 4
4.7 169 113 1 955 908 4
4.8 82 820 1 161 160 4
4.9 82 678 1 161 838 4
4.10 118 107 2 151 262 4

4.M 136 835 – 4

5.1 130 039 1 588 953 5
5.2 215 294 2 450 287 5
5.3 251 029 3 353 070 5
5.4 130 670 3 017 894 5
5.5 199 722 2 289 663 5
5.6 104 923 1 459 361 5
5.7 187 588 2 226 437 5
5.8 103 106 1 449 823 5
5.9 103 432 1 450 097 5
5.10 136 789 2 367 236 5

5.M 156 259 – 5

6.1 149 212 1 869 786 6
6.2 232 247 2 655 205 6
6.3 268 079 3 560 385 6
6.4 150 718 3 247 522 6
6.5 218 040 2 559 937 6
6.6 125 156 1 746 749 6
6.7 206 743 2 499 725 6
6.8 123 469 1 735 797 6
6.9 123 394 1 736 822 6
6.10 155 101 2 579 750 6

6.M 175 216 – 6

7.1 168 260 2 151 785 7
7.2 250 585 2 903 368 7
7.3 285 277 3 767 892 7
7.4 172 065 3 485 656 7
7.5 237 811 2 837 911 7
7.6 144 137 2 026 186 7
7.7 225 236 2 770 555 7
7.8 143 742 2 024 403 7
7.9 144 919 2 031 308 7
7.10 231 356 3 470 425 7

7.M 200 339 – 7
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C Experiments results

Table J.1: Experiment C1 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 2 920 13 460 0

Table J.2: Experiment C2 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 28 240 327 171 1
2.1 50 695 628 103 2
3.1 73 818 931 735 3
4.1 96 274 1 232 667 4
5.1 118 793 1 534 260 5
6.1 141 852 1 837 231 6
7.1 166 540 2 148 606 7

Table J.3: Experiment C3 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 23 948 305 262 1
2.1 44 310 594 365 2
3.1 65 338 886 168 3
4.1 85 700 1 175 271 4
5.1 106 125 1 465 035 5
6.1 127 089 1 756 177 6
7.1 147 486 2 045 643 7

Table J.4: Experiment C4 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 24 471 308 035 1
2.1 45 417 600 631 2
3.1 67 000 895 567 3
4.1 87 915 1 187 803 4
5.1 108 830 1 480 039 5
6.1 130 412 1 774 975 6
7.1 151 328 2 067 211 7
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D Experiments results

Table K.1: Experiment D1 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 2 889 13 100 0

Table K.2: Experiment D2 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 28 209 326 811 1
2.1 50 665 627 743 2
3.1 73 787 931 375 3
4.1 96 245 1 232 328 4
5.1 118 762 1 533 900 5
6.1 141 821 1 836 871 6
7.1 166 509 2 148 246 7

Table K.3: Experiment D3 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 23 918 304 902 1
2.1 44 279 594 005 2
3.1 65 307 885 808 3
4.1 85 669 1 174 911 4
5.1 106 094 1 464 675 5
6.1 127 059 1 755 817 6
7.1 147 455 2 045 283 7

Table K.4: Experiment D4 result

Iteration (.simulation) Obsolete material costs Obsolete material stock HSS
[–] [€] [pieces] [DOS]

1.1 24 502 308 395 1
2.1 45 387 600 271 2
3.1 67 000 895 567 3
4.1 87 884 1 187 443 4
5.1 108 799 1 479 679 5
6.1 130 382 1 774 615 6
7.1 151 297 2 066 851 7
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Perturbation size Experiments results

Table L.1: Perturbation size Experiment A1 item-level result

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 0 0 0
2 291 2 635 0
3 0 0 0
4 0 0 0
5 284 1 151 0

1.1 total 575 3 786 0
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Table L.2: Perturbation size Experiment A4 item-level result

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 4 179 49 063
2 1 494 13 527
3 378 58 178
4 657 10 084
5 1 619 6 551

1.1 total 8 327 137 403 1

1 8 297 97 406
2 2 697 24 419
3 756 116 356
4 1 315 20 168
5 2 286 9 251

2.1 total 15 350 267 600 2

1 12 476 146 469
2 3 298 29 865
3 1 134 174 534
4 1 972 30 252
5 3 620 14 651

3.1 total 22 500 395 771 3

1 16 593 194 812
2 4 501 40 757
3 1 512 232 712
4 2 630 40 336
5 4 287 17 351

4.1 total 29 523 525 968 4

1 20 742 243 515
2 5 704 51 649
3 1 890 290 890
4 3 287 50 420
5 4 954 20 051

5.1 total 36 577 656 525 5

1 24 890 292 218
2 6 907 62 541
3 2 268 349 068
4 3 944 60 504
5 6 288 25 451

6.1 total 44 298 789 782 6

1 29 038 340 921
2 8 110 73 433
3 2 646 407 246
4 4 602 70 588
5 6 955 28 151

7.1 total 51 351 920 339 7
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Table L.3: Perturbation size Experiment D1 item-level result (P = 123)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 31 360 0
2 0 0 0
3 0 0 0
4 0 0 0
5 566 2 290 0

1.1 total 596 2 650 0

Table L.4: Perturbation size Experiment D1 item-level result (P = 1234)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 0 0 0
2 0 0 0
3 0 0 0
4 0 0 0
5 418 1 692 0

1.1 total 418 1 692 0

Table L.5: Perturbation size Experiment D1 item-level result (P = 12345)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 0 0 0
2 0 0 0
3 0 0 0
4 0 0 0
5 0 0 0

1.1 total 0 0 0

Table L.6: Perturbation size Experiment D1 item-level result (P = 123456)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 0 0 0
2 0 0 0
3 0 0 0
4 0 0 0
5 0 0 0

1.1 total 0 0 0
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Table L.7: Perturbation size Experiment D4 item-level result (P = 123)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 4 148 48 703
2 1 091 9 876
3 378 58 178
4 657 10 084
5 1 233 4 990

1.1 total 7 507 131 831 1

1 8 297 97 406
2 2 181 19 752
3 756 116 356
4 1 315 20 168
5 2 567 10 390

2.1 total 15 116 264 072 2

1 12 476 146 469
2 3 272 29 628
3 1 134 174 534
4 1 972 30 252
5 3 234 13 090

3.1 total 22 088 393 973 3

1 16 593 194 812
2 4 363 39 504
3 1 512 232 712
4 2 630 40 336
5 3 957 16 016

4.1 total 29 055 523 380 4

1 20 772 243 875
2 5 454 49 380
3 1 890 290 890
4 3 287 50 420
5 5 235 21 190

5.1 total 36 638 655 755 5

1 24 890 292 218
2 6 544 59 256
3 2 268 349 068
4 3 944 60 504
5 5 936 24 024

6.1 total 43 582 785 070 6

1 29 069 341 281
2 7 635 69 132
3 2 646 407 246
4 4 602 70 588
5 7 237 29 290

7.1 total 51 188 917 537 7
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Table L.8: Perturbation size Experiment D4 item-level result (P = 1234)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 4 148 48 703
2 1 091 9 876
3 378 58 178
4 657 10 084
5 1 085 4 392

1.1 total 7 360 131 233 1

1 8 297 97 406
2 2 181 19 752
3 756 116 356
4 1 315 20 168
5 2 419 9 792

2.1 total 14 968 263 474 2

1 12 445 146 109
2 3 272 29 628
3 1 134 174 534
4 1 972 30 252
5 3 086 12 492

3.1 total 21 910 393 015 3

1 16 593 194 812
2 4 363 39 504
3 1 512 232 712
4 2 630 40 336
5 4 421 17 892

4.1 total 29 518 525 256 4

1 20 742 243 515
2 5 454 49 380
3 1 890 290 890
4 3 287 50 420
5 5 088 20 592

5.1 total 36 460 654 797 5

1 24 890 292 218
2 6 544 59 256
3 2 268 349 068
4 3 944 60 504
5 6 422 25 992

6.1 total 44 068 787 038 6

1 29 038 340 921
2 7 635 69 132
3 2 646 407 246
4 4 602 70 588
5 7 089 28 692

7.1 total 51 010 916 579 7



97

Table L.9: Perturbation size Experiment D4 item-level result (P = 12345)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 4 148 48 703
2 1 091 9 876
3 378 58 178
4 657 10 084
5 989 4 004

1.1 total 7 264 130 845 1

1 8 297 97 406
2 2 181 19 752
3 756 116 356
4 1 315 20 168
5 1 979 8 008

2.1 total 14 527 261 690 2

1 12 445 146 109
2 3 272 29 628
3 1 134 174 534
4 1 972 30 252
5 2 968 12 012

3.1 total 21 791 392 535 3

1 16 593 194 812
2 4 363 39 504
3 1 512 232 712
4 2 630 40 336
5 3 957 16 016

4.1 total 29 055 523 380 4

1 20 742 243 515
2 5 454 49 380
3 1 890 290 890
4 3 287 50 420
5 4 946 20 020

5.1 total 36 318 654 225 5

1 24 890 292 218
2 6 544 59 256
3 2 268 349 068
4 3 944 60 504
5 5 936 24 024

6.1 total 43 582 785 070 6

1 29 038 340 921
2 7 635 69 132
3 2 646 407 246
4 4 602 70 588
5 6 925 28 028

7.1 total 50 846 915 915 7
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Table L.10: Perturbation size Experiment D4 item-level result (P = 123456)

Iteration.simulation Item Obsolete material costs Obsolete material stock HSS
[–] [–] [€] [pieces] [DOS]

1 4 148 48 703
2 1 091 9 876
3 378 58 178
4 657 10 084
5 989 4 004

1.1 total 7 264 130 845 1

1 8 297 97 406
2 2 181 19 752
3 756 116 356
4 1 315 20 168
5 1 979 8 008

2.1 total 14 527 261 690 2

1 12 445 146 109
2 3 272 29 628
3 1 134 174 534
4 1 972 30 252
5 2 968 12 012

3.1 total 21 791 392 535 3

1 16 593 194 812
2 4 363 39 504
3 1 512 232 712
4 2 630 40 336
5 3 957 16 016

4.1 total 29 055 523 380 4

1 20 742 243 515
2 5 454 49 380
3 1 890 290 890
4 3 287 50 420
5 4 946 20 020

5.1 total 36 318 654 225 5

1 24 890 292 218
2 6 544 59 256
3 2 268 349 068
4 3 944 60 504
5 5 936 24 024

6.1 total 43 582 785 070 6

1 29 038 340 921
2 7 635 69 132
3 2 646 407 246
4 4 602 70 588
5 6 925 28 028

7.1 total 50 846 915 915 7
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Optimising safety stock levels of changeover materials using
simulation-based optimisation
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ABSTRACT

Material Requirements Planning (MRP) is widely used to translate production plans into procurement and inventory
decisions, yet its performance deteriorates in environments characterised by demand uncertainty and frequent material
changeovers. In such contexts, deterministic MRP models often reduce safety stock levels of changeover materials to
zero in order to minimise obsolete inventory, thereby increasing vulnerability to stockouts, minimum-order-quantity rush
orders, and last-minute procurement costs. This study investigates whether simulation-based optimisation can be used to
parametrise safety stock levels for changeover materials in a deterministic mixed-integer programming MRP model so as to
improve rolling-horizon performance in a stochastic production environment. A simulation-based optimisation framework
is developed in which the manufacturer’s existing MRP optimisation tool is treated as a black box and embedded in an
Optimisation with Simulation-based Iterations structure. To better represent robustness in the planning logic, a hard safety
stock constraint is introduced and safety stock levels are optimised for grouped materials. Demand uncertainty is modelled
using historical weekly production plans and analysed through block bootstrapping and kernel density estimation. The
results show that the proposed framework is technically feasible and provides a reproducible method for evaluating
safety stock policies under uncertainty. However, the final optimisation does not improve system-wide obsolete stock
costs compared with the baseline, and low safety stock levels consistently perform best. The main contribution of this
study is therefore methodological: it demonstrates how simulation-based optimisation can be applied in an industry-scale,
black-box MRP environment while also highlighting the limitations of optimising robustness through obsolete stock costs
alone.

Keywords: Material Requirements Planning; Safety Stock; Changeover Materials; Simulation-Based Optimisation;
Simulated Annealing; Demand Uncertainty; Rolling Horizon Planning.

1. INTRODUCTION

Material Requirements Planning (MRP) is a core
mechanism in manufacturing supply chains for
translating production schedules into purchasing
and inventory decisions [1]. Its role is particularly
important in industries where material costs constitute
a large share of total production costs and
where production continuity depends on timely
replenishment [2]. However, deterministic MRP logic
becomes less effective when production environments
are exposed to forecast error, changing customer
demand, and product or packaging changeovers.
In such settings, planning decisions that appear
cost-efficient in a deterministic run may perform
poorly over time when demand deviates from
expectations. This problem is especially relevant for
changeover materials. These materials are required
when a production line switches from one product
variant or packaging format to another. If the
changeover takes place too early, leftover materials
may become obsolete; if it takes place too late,

production may face stockouts, emergency orders,
or missed campaign windows. In industrial practice,
safety stocks for changeover materials are often
minimised or set to zero to reduce the risk of
write-offs. Although that policy may be efficient in
a deterministic setting, it can create high vulnerability
in a stochastic planning environment.
At the same time, advanced industrial MRP tools rely
on deterministic mixed-integer programming models
that are solved repeatedly in a rolling-horizon manner.
These models support tactical decision-making,
yet robustness against uncertainty is still often
handled through static planning parameters such
as safety stocks. This creates a gap between
deterministic optimisation and the stochastic reality
of sequential planning. Viewed from a sequential
decision perspective, the performance of MRP
should not be assessed through a single run, but
rather through repeated decisions over time under
uncertainty.
This study addresses that gap by asking: how
can simulation-based optimisation be used
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to parametrise safety stocks of changeover
materials in a deterministic MIP model such
that rolling-horizon performance improves in a
stochastic MRP environment? To answer this
question, a simulation-based optimisation framework
is developed around an existing industrial planning
tool, with the objective of learning safety stock
policies that are robust over repeated planning cycles.

2. LITERATURE REVIEW

Material Requirements Planning (MRP) remains one
of the most widely used approaches for translating
production schedules into procurement and inventory
decisions in manufacturing environments. Although
MRP has demonstrated strong stability when
compared with alternative production control systems
such as Kanban, CONWIP, and Drum-Buffer-Rope
(DBR), its performance is highly dependent on
the proper selection of planning parameters and
its ability to cope with environmental uncertainty
[3]. In practice, deterministic MRP systems are
frequently re-optimised in rolling-horizon settings,
where updated information continuously changes
inventory and procurement decisions. As a result,
uncertainty management has become a central topic in
both production planning and supply chain research.

2.1. MRP under uncertainty

Uncertainty in supply chains can originate from
multiple sources, including demand variability, lead
time fluctuations, capacity limitations, and yield
uncertainty. However, the literature consistently
identifies demand uncertainty as the most frequently
studied source of disruption in supply chain planning
and network design [4], [5]. Demand uncertainty
arises from forecasting errors, variability in customer
orders, and changes in demand timing, all of which
can lead to material shortages or excess inventory [5],
[6].
To mitigate uncertainty, organisations typically
introduce buffers into their planning systems. Safety
stocks and safety lead times are among the most
commonly applied approaches for protecting against
demand and lead time variability, while supplier
diversification is frequently proposed as a mitigation
strategy for yield uncertainty [5], [7]. Nevertheless,
recent research increasingly argues that static planning
parameters are insufficient in dynamic environments
where forecasts are periodically updated and
uncertainty evolves over time [8]. Consequently, there
is growing interest in developing adaptive approaches
for determining MRP planning parameters.

2.2. Parametrisation of planning parameters

Traditional MRP implementations often determine
planning parameters independently, resulting in
sub-optimal planning decisions when uncertainty is
present. Thevenin et al. demonstrated that jointly
optimising safety stocks and lot sizes through
stochastic optimisation yields substantially better
results than treating both decisions separately [9].
Gansterer et al. found that a simulation-based
optimisation approach can effectively improve
inventory and service-level performance while
simultaneously evaluating alternative planning
parameter configurations [10]. As industrial
problems become increasingly high-dimensional,
additional techniques are required to maintain
computational tractability. Werth et al. addressed
this challenge by combining simulation-based
optimisation with metaheuristic search and material
clustering techniques. This study demonstrates that
grouping materials according to technological or
production characteristics can significantly improve
optimisation efficiency [11].
Additional work by Seiringer et al. further
demonstrated that simulation-based parameter
optimisation can identify planning parameter
configurations that better absorb uncertainty than
traditional manually configured settings [12], [13].

2.3. Simulation-based optimisation

Simulation-based optimisation (Sim-Opt) has
emerged as a promising methodology for improving
decision-making in systems characterised by
uncertainty and analytical complexity. Sim-Opt
integrates simulation and optimisation techniques
to evaluate candidate solutions under stochastic
conditions [14]. According to Figueira and
Almada-Lobo, simulation can be used for solution
evaluation, surrogate model construction, analytical
model enhancement, or solution generation,
depending on the structure of the optimisation
problem [14].
A particularly relevant Sim-Opt structure for MRP
applications is Optimisation with Simulation-based
Iterations (OSI), where simulation is embedded
within the optimisation process and repeatedly
evaluates candidate solutions under uncertainty. This
structure is especially suitable for environments
characterised by stochastic behaviour, non-linear
interactions and complex decision dependencies,
although it can become computationally expensive
because many simulation runs are required throughout
the optimisation process [14].
A wide range of optimisation techniques has been
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applied within simulation-based optimisation.
Recent MRP studies frequently combine
simulation with metaheuristic algorithms such
as Simulated Annealing, Genetic Algorithms,
Particle Swarm Optimisation, Tabu Search,
and Variable Neighbourhood Search [12], [15].
Seiringer et al. further demonstrated that combining
Simulated Annealing with Simulation Budget
Management improves search efficiency by allocating
computational effort primarily to promising solutions
[12].

2.4. Research gap

The reviewed literature reveals several important
gaps. First, current research predominantly focuses
on demand quantity uncertainty, while demand
timing uncertainty receives considerably less
attention [8], [13]. Second, most studies optimise
planning parameters for standard materials rather
than changeover materials, despite the unique
obsolescence risks associated with inventory held
during product transitions [5], [16]. Third, few
studies investigate simulation-based optimisation
in industry-scale black-box MRP environments
where the underlying optimisation model cannot be
reformulated analytically [10], [11].

3. RESEARCH APPROACH

This study addresses the research gaps by applying
simulation-based optimisation to the parametrisation
of safety stocks for changeover materials in
a large-scale industrial MRP environment. The
proposed framework treats the existing deterministic
MRP optimisation model as a black box and
evaluates safety stock policies within a stochastic
rolling-horizon setting. The methodology integrates
uncertainty in the simulations to imitate the real
sequential decision analytics planning problem.

3.1. Use case

The study is based on the MRP process of a large
manufacturing company operating a complex global
supply chain. The company uses a tactical planning
tool, referred to as MRP-Opt, to support material
planning and changeover scheduling. The model
underlying this tool is a deterministic mixed-integer
programming formulation that is solved weekly and
incorporates updated case-file data. Because the
model is highly complex and cannot be analytically
represented in a tractable way, it is treated as a black
box in this study.

MRP-Opt optimises changeovers while balancing
material stocks, changeover timing, and planning
constraints across the supply chain. The model
includes multiple prioritised objectives, of which
the most important is the minimisation of obsolete
stock costs. Other objectives include limiting material
slack during changeovers, completing changeovers
in time, reducing safety stock slack, and penalising
unfavourable ordering patterns. Because obsolete
stock cost minimisation has the highest priority,
the model often allows stock levels to fall below
nominal safety stock targets, especially for changeover
materials.

Figure 1. Zero-truncated delta distribution (block 1)

3.2. Data preprocessing

Demand uncertainty is modelled using historical
weekly production plans collected over approximately
six months. To understand the structure of variability,
the production plans are analysed using methods
based on block bootstrapping and kernel density
estimation (KDE). The analysis shows that almost
all observed variability is demand-driven (99.98%),
while planning-induced variability is negligible.
Using block bootstrapping, the the production plans
are separated into 4-week blocks. The difference in
production demand between consecutive production
plans (deltas) was analysed for all blocks. The deltas
are found to be heavily zero-inflated, with roughly
70–72% zero deltas depending on the planning block.
For the nonzero values, zero-truncated distributions
are fitted using KDE and are later used in
the simulation framework. Figure 1 shows the
zero-truncated delta distribution of block 1 as an
example.

3.3. Material classification

Changeover materials were classified into groups
based on their demand behaviour and economic
importance to reduce the dimensionality of the safety

3
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stock optimisation problem. It is a way of grouping
materials for which a shared safety stock policy can
be found. Demand behaviour was characterised using
the classification framework proposed by Syntetos
et al., which categorises items according to the
Average Inter-Demand Interval (ADI) and the
squared Coefficient of Variation (CV²) [17]. Based
on these metrics, materials were classified as smooth,
erratic, intermittent, or lumpy.

Figure 2. Material demand classification of changeover materials

Approximately 79% of items exhibit intermittent
demand. This shows that demand occurs infrequently
and is separated by relatively long periods without
consumption. However, when demand does occur, the
quantity remains relatively stable, as shown by the
low CV² values in Figure 2. While 16% of materials
are classified as lumpy, only a small fraction of
materials show smooth or erratic demand behaviour.
This suggests that the primary source of uncertainty
for most changeover materials is the timing of demand
rather than the quantity required.
In addition to demand behaviour, an ABC analysis
was performed to distinguish materials according to
their contribution to total inventory value. Following
the Pareto principle, items were ranked by annual
demand value and divided into three classes shown
in Figure 3. Class A materials represent the most
economically important items, accounting for roughly
80% of total inventory value despite comprising only
a small proportion of the portfolio [18]. Class B
materials contribute an additional 15% of value, while
the remaining Class C materials account for only a
minor share of total inventory value [18].
The two classification dimensions were subsequently

Figure 3. Pareto distribution of ABC analysis

combined to create material groups that capture both
operational uncertainty and economic relevance. This
resulted in twelve material groups, each representing
a unique combination of ABC class and demand
pattern. Such grouping enables the optimisation
framework to assign a common safety stock parameter
to multiple materials while maintaining a meaningful
distinction between material characteristics. Materials
with lumpy demand are characterised by both
infrequent demand and high variability in demand
quantities. This combination makes demand difficult
to forecast and increases the risk of stockouts. As a
result, safety stock levels may significantly improve
material availability while reducing disruptions
caused by unexpected demand peaks. Extracting
the Class A materials from this category, creates a
material group which is promising to test with.

3.4. Simulation-based optimisation framework

The proposed framework follows an Optimisation
with Simulation-based Iterations (OSI) structure,
shown in Figure 4. For a given set of safety stock
parameters, multiple simulations are run, and each
simulation consists of a sequence of weekly MRP-Opt
executions representing the rolling-horizon planning
process. Demand uncertainty is added by perturbing
production plans using the estimated historical delta
distributions. The final-week obsolete stock cost is
used as the simulation outcome, and the average over
all simulations is used as the optimisation objective
value for a candidate parameter setting. To make safety
stock a meaningful external optimisation parameter,
the study introduces a hard safety stock (HSS)
constraint. In the original model, safety stock is
represented as a soft constraint with slack, which
means the model may violate the intended stock level.
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The proposed hard constraint removes that slack and
enforces a true lower bound on inventory. Safety
stock is then expressed in days of sales (DOS),
which allows stock levels to be scaled consistently
across materials with different demand characteristics.
Candidate values are sampled within predefined
bounds.
A Full Enumeration method is proposed as
the approach for exploring the safety stock
parameter space. This method evaluates every
possible combination of parameter values within
the predefined search domain. This search domain
is bounded by 0 and 7 days of sales and it is
explored for every integer value. By systematically
testing all candidate solutions, it guarantees that the
global optimal solution is identified, provided that the
search space is finite and fully accessible. However,
the computational cost grows rapidly with the
number of optimisation parameters. Full Enumeration
is therefore mostly practical for problems with a
relatively small number of parameters or limited
parameter ranges.

4. EXPERIMENTAL RESULTS

Several experiments are performed to calibrate the
framework. First, the number of simulated weeks
per run and the number of simulations per iteration
are tested to balance reliability and runtime. Second,
different variants of HSS and uncertainty assignment
are explored. After this, varying artificial perturbation
sizes are used in the production plans. A final
proof-of-concept experiment aims to find a specific
scenario in which HSS can be beneficial.

4.1. HSS and uncertainty variants experiments

To evaluate the proposed framework, several
combinations of hard safety stock (HSS) assignment

policies and uncertainty representations were
tested. Four uncertainty settings were considered:
no uncertainty, realistic uncertainty derived from
historical production-plan variability as described in
Section 3.2, deterministic perturbations applied
during changeover weeks, and deterministic
perturbations applied in the maximum changeover
week. For each uncertainty setting, three HSS
assignment variants were evaluated: constant HSS
throughout the planning horizon, HSS active only
during changeover weeks, and HSS active only in the
maximum changeover week.
The results consistently showed that the lowest
tested HSS level yielded the best performance
among the HSS alternatives. However, none of
the HSS variants outperformed the corresponding
baseline without HSS, as can be seen in Table 1.
Under realistic uncertainty, the baseline achieved
an average obsolete stock cost of =C70,044,
whereas the best-performing HSS configuration
resulted in =C79,467 to =C92,328 depending on the
HSS assignment variant. Similar behaviour was
observed under deterministic perturbation scenarios.
Increasing HSS levels monotonically increased
obsolete stock costs because additional inventory
frequently remained unused after the changeover and
became obsolete. These findings indicate that, when
performance is measured solely through obsolete
stock costs in the current conditions, imposing
hard safety stocks does not improve system-wide
performance.

4.2. Perturbation size experiments

To further investigate the interaction between
uncertainty and safety stock, experiments were
performed with deterministic demand perturbations of
increasing magnitude. The perturbations were applied
during the maximum changeover week, creating a

Figure 4. Sim-Opt framework
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Table 1. Experiment results for different uncertainty and HSS configurations.

Uncertainty

A B C D

No uncertainty Realistic uncertainty
based on PDFs

Perturbation in next
simulation week when it

is a changeover week

Perturbation in next
simulation week when it
is the max changeover

week

No HSS 3 180 70 044 2 920 2 889

HSS
Constant HSS 28 612 92 328 28 240 28 209
HSS in changeover
weeks

24 321 88 946 23 948 23 918

HSS in max
changeover week

24 905 79 467 24 471 24 502

stress scenario in which safety stock was expected
to be most beneficial. Five representative items were
selected, shown in Table 2, and perturbation sizes
ranging from 123 to 123,456 units were tested.
The results showed that larger demand perturbations
did not increase obsolete stock costs in the
absence of HSS. On the contrary, sufficiently large
perturbations reduced obsolete inventory because
additional demand consumed stock that would
otherwise become obsolete after the changeover.
For the largest perturbations, obsolete stock costs
even dropped to zero. When HSS was enforced,
obsolete stock costs increased substantially for all
perturbation sizes. Although larger perturbations
consumed part of the buffer and slightly reduced the
negative effect of HSS, they never offset the additional
obsolete inventory created by the safety stock
itself. Consequently, the no-HSS policy consistently
outperformed all tested HSS levels.

Table 2. Perturbation size Experiments test items

Item Changeover weeks Piece cost MOQ 1 day of sales
[–] [–] [=C] [pieces] [pieces]

1 2025-47; 2025-49 0.085176 5 760 48 703
2 2025-46; 2025-46 0.11044 5 446 9 876
3 2025-47; 2025-51 0.0064976 370 000 58 178
4 2025-46; 2025-52 0.06519 24 000 10 084
5 2025-52; 2025-52 0.2470703 2 700 4 004

4.3. Proof-of-concept experiment

A final proof-of-concept experiment was conducted
to identify a specific scenario in which HSS could
provide a benefit. The experiment focused on a single
changeover item and combined targeted perturbations
in the maximum changeover week with more finely
grained HSS levels ranging from 0.1 to 7.0 days of
sales.
The experiment confirmed the observations from
the previous analyses. Large positive demand

perturbations reduced obsolete stock by consuming
more inventory before the changeover took place.
However, once HSS became binding, the enforced
buffer itself frequently remained after the changeover
and was converted into obsolete inventory. Small HSS
values below 0.3 days of sales had limited impact
because they remained below the baseline stock level
already present in the system. Larger HSS values
increasingly dominated the final obsolete stock costs.
Across all perturbation scenarios, the optimal solution
remained the no-HSS policy.
These results demonstrate that the framework is
capable of evaluating safety stock policies under
uncertainty. However, they also show that additional
safety stock does not provide measurable benefits
under an obsolete-stock-cost objective. The findings
suggest that any potential robustness advantages of
safety stock are not captured by the current objective
function and may require broader performance
metrics that include inventory and emergency
replenishment costs for example.

5. DISCUSSION

Although the proposed framework successfully
integrated simulation-based optimisation with the
existing MRP environment, the experiments did not
demonstrate that hard safety stocks improve system
performance. The most important explanation is
the choice of objective function. Since performance
was measured exclusively through obsolete stock
costs, the framework captured the costs of additional
inventory while largely ignoring potential benefits
related to robustness, such as avoiding emergency
replenishments or operational disruptions. As a result,
hard safety stock was primarily penalised rather than
rewarded.
The results also highlight the fundamental challenge
of managing changeover materials. Unlike regular
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materials, changeover materials have a limited
consumption window. Inventory that remains after a
changeover immediately becomes obsolete, making
additional stock inherently risky. The experiments
showed that safety stock often remained unused and
therefore increased obsolescence, even in scenarios
designed to favour safety stock through artificial
demand increases.
Another important observation concerns the
aggregation of materials into groups. Grouping
materials by demand pattern and economic
importance made the optimisation problem
computationally tractable, but it also reduced
item-level specificity. Materials within the same
group can differ substantially in cost, MOQ
characteristics and demand behaviour. Consequently,
a common safety stock policy may not reflect the
requirements of individual materials.
Finally, this study illustrates the distinction between
methodological feasibility and practical value. The
framework proved capable of evaluating safety stock
policies in a stochastic rolling-horizon environment
and treating the industrial MRP model as a black
box. However, the ability to optimise a parameter does
not necessarily imply that the resulting policy creates
measurable benefits under the selected performance
metric.

6. CONCLUSION

This study investigated how simulation-based
optimisation can be used to parametrise safety stocks
of changeover materials in a deterministic MIP model
operating in a stochastic MRP environment. To
address this problem, a simulation-based optimisation
framework was developed in which the existing
industrial MRP optimisation tool was embedded
within an Optimisation with Simulation-based
Iterations structure. Demand uncertainty was
modelled using historical production-plan data, and
safety stock levels were optimised through a hard
safety stock formulation.
The results show that simulation-based optimisation
is a viable approach for evaluating and optimising
planning parameters in a rolling-horizon MRP
environment. The framework produced stable and
reproducible results and successfully represented
uncertainty while treating the MRP model as a black
box.
However, no generic hard safety stock policy
was found that improved performance. Across all
experiments, increasing safety stock generally led to
higher obsolete stock costs, while the best-performing
solutions consistently corresponded to the lowest

tested safety stock levels. Under the current objective
structure, additional inventory introduced more
obsolescence than it prevented.
The main contribution of this research is therefore
the development and validation of a simulation-based
optimisation framework for industry-scale MRP
systems. Rather than identifying an optimal safety
stock policy, the study clarifies the limitations of
optimising robustness through obsolete stock costs
alone and provides a foundation for future research
into more comprehensive robustness measures.

7. FUTURE RESEARCH

Several opportunities exist to further develop the
proposed framework. First, future research should
broaden the objective function beyond obsolete stock
costs. In the current study, safety stock is primarily
penalised through additional obsolescence, while
potential benefits such as preventing emergency
replenishments, reducing rush-order costs, or
improving service levels are not captured. Including
these cost components would enable a more balanced
evaluation of robustness.
Second, future studies should investigate more
material-specific safety stock policies. The results
suggest that a generic policy is unlikely to be
effective across all changeover materials, as materials
differ considerably in demand behaviour, economic
importance, and replenishment characteristics. More
targeted policies may better account for these
differences and uncover cases where safety stock does
add value.
Third, the uncertainty modelling could be further
refined by using longer historical datasets and
by incorporating seasonal effects, campaign-driven
demand patterns, and other sources of variability.
A more detailed representation of uncertainty may
improve the realism of the simulation environment
and provide a stronger basis for policy evaluation.
In addition, alternative robustness measures should
be explored. Approaches such as safety lead times
or MOQ-aware replenishment strategies may provide
protection against uncertainty while reducing the risk
of creating obsolete inventory.
Finally, future work should focus on improving
computational scalability and validating the
framework in practical planning settings. More
advanced optimisation methods could enable the
exploration of larger parameter spaces, while
testing the framework on historical planning cases
and comparing its recommendations with planner
decisions would help assess its practical value.
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