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DISPO 4.0 | Simulation-Based Optimization of Stochastic Demand Forecast of Intermittent
Material in the Capital Goods Industry

Alexander Schmid*, Marcel Peralt Bonell, Felix Kamhuber, Sebastian Schlund

Abstract: This research introduces a digital planning method tailored to intermittent demand, leveraging simulation-based optimization to select and parameterize forecasting
techniques for individual items. Accurate demand forecasting is crucial for optimizing inventory and order quantities, especially in spare parts planning, where demand is often
intermittent. Despite the recognized value of digital solutions in this area, practical implementation of optimized forecasting tools for intermittent demands remains limited. To
address this gap, the proposed approach offers a practical methodology for systematically selecting and configuring forecasting techniques specifically suited to irregular demand
patterns. The method combines a rule-based heuristic with a static simulation of demand time series and metaheuristic-based optimization to calibrate forecasting parameters.
The outcome is an automated, item-specific forecast tailored to the characteristics of intermittent demand. The approach is validated through two practical case studies from the
capital goods sector, demonstrating its effectiveness in enhancing forecast accuracy and improving intermittent item planning.
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1 INTRODUCTION

The optimization of inventories is crucial for companies
in order to minimize inventory and capital tie-up costs [1]. It
is also essential to minimize scrapping costs and profit losses
due to shortages [2], while at the same time ensuring a high
level of delivery reliability [1]. Spare parts warchouses in
particular play an important role, as they minimize
downtimes, can deliver stocked spare parts quickly and avoid
downtime costs [1]. High inventories in turn cause costs and
account for around a third of all company values [3].
Companies therefore must manage a balancing act between
security of availability and inventory costs [2].

In order to remain competitive in a volatile business
environment, companies must be able to make timely
decisions based on precise demand forecasts derived from
existing data [4]. Data and information processing is crucial
[5] and algorithms are the key to the efficient utilization of
large data volumes [5]. In everyday operational planning,
usually only a limited number of mathematical algorithms are
applied, as there is a lack of ready-to-use methods for
selection and case-specific parameterization [6].

Stochastic demand forecasts [7] - so-called time series
models - are classified as quantitative forecasting methods
[8]. Time series models are always based on the analysis of
historical data in order to predict future demand [8].
Historical material consumption data form the basis for
determining future requirements by means of suitable
forecasting algorithms [9]. This is referred to as customer-
anonymous sales planning [10]. The primary target of this
sales planning is to predict future requirements as precisely
as possible by incorporating all available information [11]
and analyzing demand patterns [12]. Modern forecasting
algorithms support companies to optimize planning, manage
risks and estimate future material requirements [7].

This practice-oriented research describes the further
evolution of a digital planning method for optimized sales
forecasting in the capital goods sector, which builds on the

authors' existing publications [13-15]. The further
development of the method is intended to investigate the use
of forecasting algorithms for intermittent material demands
in the capital goods sector [14].

2 OBJECTIVES

The aim of this research is the development of an item-
accurate planning for items with intermittent requirements in
the capital goods industry. This encompasses expertise in
forecasting challenges related to intermittent requirements,
the use and selection of appropriate forecasting algorithms,
their parameterization and optimization, and an evaluation
based on real company data [14]. The following research
questions are answered by our contribution:

1) Do stochastic time series-based forecasting algorithms
specifically designed for intermittent demands achieve
better forecasting results for intermittent material
demand than general forecasting algorithms designed for
constant, trend or seasonal demands (see Fig. 2)?

2) How can a digital, user-friendly planning method be
designed to make time series models described in the
literature and developed specifically for intermittent
material requirements practically usable for the capital
goods industry?

3 BACKGROUND STOCHASTIC DEMAND FORECAST

Intermittent demands are characterized by irregular
patterns and longer phases without demand [12] as well as
sudden demands and represent a material category that is
difficult to forecast [16].

The literature contradicts the prevailing assumption in
practice that intermittent material demands cannot be reliably
predicted [16]. The state-of-the-art already provides
specialized forecasting algorithms for intermittent material
requirements [17]. Intermittent forecasting algorithms were
first identified and analyzed, followed by an evaluation of
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their potential applications within the operational context of
the capital goods sector (see Fig. 1). The methods highlighted
in blue represent the most frequently cited techniques,
identified through frequency analysis, and were integrated
into the developed planning approach [14]. Some of these
forecast methods are already in use in IT systems.
Nonetheless, a systematic approach to identifying the most
appropriate forecasting techniques and their optimal
parameterization is currently missing in corporate planning
[14, 13].
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Figure 1 Overview of time series forecasting algorithms applied to stochastic
demand planning - (Own representation based on [13, 14, 18, 19])

The consideration of the different types of time series
patterns is initially one of the most important aspects in the
selection of suitable forecasting methods [20]. When
analyzing the development of demand, it is necessary to
break down the time series into several components in order
to produce accurate forecasts [10] (see Fig. 2).

I Time-ordered hlstorlcal sales data

m trend (linear) trend (progressive)

demand
demand
demand:
X
R

—y >y,
time ” time”

trend seasonal

demand:

: I

demand

> S ﬂ /\ 5
time” time”" time

Figure 2 Overview of time-ordered historical sales data [14]

According to the literature review (see Fig. 3), there is
no unified expert opinion on the best forecasting technique
for specific time series types [14]. Therefore, the optimizing
planning method presented here is intended to guide planners
to the best possible selection and parameterization of the
methods by analyzing the demand curves of all items.

Intermittent material requirements - such as for spare
parts in the capital goods industry - require specific forecasts.
In contrast to well-researched approaches for fast-moving
items, this area has so far received little attention from the
literature, which indicates a clear demand for research [21].
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Figure 3 Relationship between time-ordered historical sales data and forecasting
technique according to literature study (Own representation based on [14])

4 CHARACTERIZATION OF THE CASE STUDY

To assess the method’s effectiveness, planning-relevant
data from two Austrian capital goods manufacturers were
used in the evaluation. This topic is highly relevant for the
industry, as capital goods are now often ordered with shorter
lead times and in smaller volumes. Consequently,
manufacturers face rising demands for short delivery times,
enhanced flexibility, and precise planning - all under
conditions of increasing product variety [14].

Company 1 Company 2
Sector: Fittings and valves production | Automotive industry
Employees: 115 (full-time equivalent) 243 (full-time equivalent)
Annual sale: 223mé€ 89me€
Customers: 346 in 51 countries 38.800 in 22 countries
Purchasing volume: 11,5mé€ 59mé€
Items (active): 12.462 items 17 517 items

1.258 in 28 countries
-36 months sales history
+12 months rolling

Suppliers: 1.780 in 61 countries
Period under review: -36 months sales history
Forecast period: +12 months rolling

Figure 4 Case Study — Characterization both Companies [13, 14, 15]

The term "capital goods" covers goods that are not
intended for final consumption but are used in the
intermediate production of other goods. In other words,
goods that produce goods themselves [22].

5 EXTENDED DIGITAL PLANNING METHOD

The digital planning tool was implemented leveraging
Microsoft Excel and VBA (Visual Basic for Applications) for
digitized and (partially) automated requirements calculation
for optimized sales planning for items from two Austrian
capital goods manufacturers. This tool is intended to make
best practices usable and facilitate the traceability of
decisions [13, 14]. The tool is modeled to deliver the highest
achievable forecast quality by adapting to evolving market
dynamics [14].
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Using static simulation and a rule-based heuristic as
evaluation criteria, this planning method is used to select the
best possible forecast procedures for specific items and
parameterize them automatically using a Genetic Algorithm
(GA). The benefits of using quantitative forecasting
techniques for semi-automated sales planning within the
capital goods sector are examined in two use cases, with
detailed discussion in Chapter 6. Fig. 5 below provides an
overview of the digital planning method.

Parameter variation | 13 algorithms for
ic demand planni

Parameters for regulation

Optimization using a genetic algorithm
(GA) with subsequent simulation

Simulation model [ Optimum forecasting method |
System configuration:
+ Periods analysed in the sales history
+ Number of forecast periods
+ Determination of the minimum forecast error MSE | | | User friendiiness
(Mean Squared Error)

« Predictability [ s e
Figure 5 Schematic of the digital planning method based on simulation and
optimization (Own representation based on: [23])
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This planning method is intended to free the forecasting
of future item-specific requirements from the experience of
individuals, make best practices generally usable and
facilitate the traceability of decisions down to item level
based on a simulation model. The modeling aims to achieve
the highest possible forecast quality [15]. The planning
method involves the following seven steps (see 5.1 to 5.7).

5.1 Data Preparation and Processing

According to Syntetos-classification (based on the two
coefficients Average Demand Interval (ADI) and the square
of the Coefficient of Variation (CV?)) material requirements
can be categorized into different material classifications [19]:
e Smooth: steady demand with little fluctuation. [C}? <

0.49 und ADI < 1.32]

e Intermittent: irregular demand in which the order
quantities remain largely constant. [CV? < 0.49 und ADI
>1.32]

e Erratic: high variability in frequency and order quantity.
[CV?>0.49 und ADI < 1.32]

e Lumpy: infrequent, irregular orders with strongly
fluctuating quantities. [CV? > 0.49 und ADI > 1.32]

Table 1 Material classification according to Syntetos for both companies

Syntetos material Company 1 Company 2

classification # Items Percent # Items Percent
Lumpy 6.918 55,6% 10.798 61,6%
Erratic 623 5,0% 585 3,3%
Smooth 353 2,8% 817 4,7%
Intermittent 1 0,0% 12 0,1%
Not classifiable 4.567 36,6% 5.305 30,3%
Total: 12.462 100,0% 17.517 100,0%

The classification reveals that most items in both
companies are assigned to the Lumpy category. This

underlines the challenges associated with the high variance
and irregular demand intervals in demand forecasting.

The first step is to prepare the data. This process includes
a standardized reference to historical data records, the
identification of missing values, the filtering of item-specific
time series and other pre-processing tasks [11]. Different data
sources are imported from the IT systems and processed
automatically [15].

5.2 Configuration

This second step determines the parameterization and
initial configuration of the individual algorithms and takes
into account the setting of the parameters relevant to
forecasting and optimization (surplus, shortage, initial values
of forecasting parameters, limit values etc.) [15].

In the case study, 12 monthly periods were forecast using
36 monthly periods from the sales history. In a separate
worksheet for each forecasting method, the monthly
quantities per item are saved as the basis for the following
steps [15].

5.3 Calculation

As part of the calculation or optimization of the forecast
error (MSE), the sales history for all 13 methods is
transferred to the calculation item by item. All forecast
methods (see Fig. 1) are calculated for each item and the
item-specific forecast result and the corresponding forecast
error are saved in the worksheet for each method [15].

The forecast algorithms Croston method, Syntetos-
Boylan Approximation and Teunter-Syntetos-Babai method,
which were incorporated during the further development of
the simulation-based optimization (see Fig. 5) for
intermittent demand, are briefly described below.

Croston method

ﬂ 2

sales history sales forecast l

sales quantity

—

— 0
236 -33 -30 27 24 21 -18 -15 -12 9 -6 -3 0 3 6 9 12
sales periods

Figure 6 Sales history and sales forecast (Croston method: item handle)

The method named after Croston (see Fig. 6) is the
established approach for forecasting intermittent material
requirements and is still recognized as the standard method
in this area today [24]. It was the first method to estimate the
quantity required and the interval between the requirements
separately and enabled a much more accurate forecast
compared to the Moving average [25]. Over time, various
extensions of the Croston method have been developed.
These include the Syntetos-Boylan-Approximation (SBA),
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which reduces systematic overestimates of the classic
Croston method, see Fig. 7 [19]. Another further
development is the Teunter-Syntetos-Babai (TSB) method,
which combines the strengths of the SBA- and Croston-
method, see Fig. 8 [18]. In addition to frequency and quantity,
the TSB-method also considers the probability of future
demand, thereby improving the accuracy of the forecast.

Syntetos-Boylan Approximation (SBA)
l

2

sales history sales forecast l

sales quantity

\

-36 -33 -30 27 24 21 -18 -15 -12 -9 -6 -3 0 3 6 9 12
sales periods

Figure 7 Sales history and sales forecast (SBA method: item threadbolts)
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Figure 8 Sales history and sales forecast (TSB method: item sight glass)

Initialization of the solution uses optimized parameters:
o= 0.2 (smoothing), f= 0.5 (trend), y = 0.5 (seasonality), and
6= 0.8 (damping) [15].

5.4 Optimization

The stochastic, combinatorial optimization of the
forecast parameters (&= smoothing, £ = trend parameter, y =
seasonality, & = damping) using GA is performed for the
Methods of exp. smoothing (see Fig. 1). The other methods
don’t provide any forecast parameters to be optimized. MS-
Excel GA is applied for parameter optimization. The GA
minimizes the target function represented by the forecast
error, transferring the variable cells and the constraints,
including the associated settings for the algorithm, for
example the runtime and termination criteria [15]. After the
preparations, the forecast is calculated as follows:

1) The forecast parameter(s) is/are optimized using a

Genetic Algorithm (GA).

2) All results (forecast values, parameters etc.) are
summarized in a result sheet.
3) Identification of "non-predictable items".

4) The forecast yielding the minimal error is recorded in the
results sheet.
5) The results are being exported.

The developed digital planning method enables the
calculation of up to 13 forecasting procedures.

5.5 Simulation Parameterisation

The evaluation of the optimal item-specific simulation-
based optimization (see Fig. 5) is based on the optimized
forecast error [14]. Our approach for optimized demand
planning allows one of the following ten standard evaluation
methods (MSE, MAD, MAPE, standard deviation, WAPE,
MASE, BIAS, TS, rMAD and rMSE) to be used to
parameterize the simulation.

5.6 Simulation

In practice, the evaluation of the output of real systems
is often executed using simulation [26]. The main objective
is to determine the forecast quality, which compares the
forecast values calculated using the corresponding method
with the historical consumption values that have occurred, to
be able to draw conclusions about the respective forecast
quality. The MSE (Mean Squared Error) was chosen for the
evaluation, as squaring gives greater weight to larger forecast
deviations. The MSE is determined as follows [10, 12]:

1 N
MSE == 3" 0 =3y’ (1

where y, e forecast value for period ¢, y; - real demand

value, n - number of samples of the period.

The simulation compares all implemented (13) forecast
methods for each item and chooses the one with the lowest
Mean Squared Error per item (see Tab. 2).

The new methods (Croston-, SBA- and TSB-method) for
predicting intermittent demand were identified as optimal
according to MSE in 9.8% of the items in company 1 and
14.8% of the items in company 2. Company 2 tends to use
more new methods than company 1, which is plausible as the
data collected there mainly relate to spare parts with
predominantly intermittent patterns. The new methods were
developed for precisely this type of demand pattern. Only a
small proportion of spare parts remain non-predictable.

The optimization potential of the respective forecast
error is ~48% and ~38% on average based on an evaluation
for the data set of the two case studies. However, it should be
noted that the forecast parameters (a, f, y, #) are only
optimized in nine out of 13 methods. The nine parameter-
optimized methods are recommended for about ~57% or
~70% of the items.
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Table 2 Results of the item-specific simulation-based optimization
Implemented algorithms for
stochastic demand planning

Company 1 Company 2

# Item | Percent | # Item | Percent

Seasonal naive method 230 1,8% 580 3,3%
Arithmetic mean 60 0,5% 188 1,1%
Moving average 3.336| 26,7% | 3.139 17,9%
Weighted moving average 14541 11,7% | 1.373 7,8%

Ist-order exp. smoothing
procedure

2nd-order exp. smoothing
procedure (non-damped)
2nd-order exp. smoothing
procedure (damped)

3rd-order exp. smoothing
procedure (add.)

3rd-order exp. smoothing
procedure (mult., non-damped)
3rd-order exp. smoothin
procedure (ntl)ult., dampe%i) 615 4.9% 391 2,2%
Croston method 523 4.2% 1.294 7,4%

Syntetos-Boylan Approximation 278 2.2% 545 3.1%

226 1,8% 325 1,9%

1.056 8,5% | 1.579 9,0%

570 4,6% 949 5,4%

517 4,2% | 2.158 12,3%

2.843| 22,8% | 4.198| 24,0%

(SBA)

Teunter-Syntetos-Babai method o o
(TSB) 424 3,4% 747 4,3%
Non-predictable items 330 2,7% 51 0,3%
Total 12.462| 100% |17.517 100%

5.7 Optimization Results

The use of the digital planning method for optimized
demand forecast shows that complex Methods of exp.
Smoothing (see Fig. 1), optimally parameterized, often
achieve better results (see Fig. 9) than the Seasonal naive
method often used in practice, in other words, updating the
demand of previous periods. The application of the Genetic
Algorithm (GA) for the parameter optimization of the
Methods of exp. smoothing enables an average reduction of
~48% or ~38% of the MSE depending on the company.

Reduction in MSE compared to the Seasonal naive method

Figure 9 Reduction in MSE compared to the Seasonal naive method

Tab. 2 shows that there is no single optimal forecasting
method for the capital goods industry, but that optimal

algorithms are emerging for specific items. However, this
only represents a snapshot of the forecast calculation for two
companies. The optimal forecasting methods change over
several planning horizons, as sales figures develop
dynamically. Only around ~32% of the items retain the same
best forecasting method over three forecasting periods
(months).

At the end, an item-specific output of the optimization
results, adapted to the case study, is generated.

6 CONCLUSIONS

In practice, the consumption of the past 12 months is
often extrapolated as requirements for the future 12 months
(Seasonal naive method). The digital planning method
presented here was able to achieve a reduction in the MSE of
~38 % - ~48 % and thus a significant improvement in
forecasting accuracy by using a mix of 13 forecasting
algorithms in two case studies (see Fig. 9). The data analysis
(see Chapter 5.1) shows that the majority of the items (> 55
%) have a Lumpy classification - rare, irregular orders with
strongly fluctuating quantities - which cannot be reliably
forecast using simple forecasting methods such as the
Seasonal naive method.

The following answers can be given to the research
question posed in Chapter 2:

Question 1: The newly implemented forecasting
methods specially designed for intermittent demand patterns
(Croston-, SBA-, TSB-method) were able to reduce the MSE
by up to ~11 % and ~9 % on average and thus increase the
forecast quality accordingly. Since the majority of the items
are classified as Lumpy (see Chapter 5.1), no general
superiority of new forecasting algorithms over classic
algorithms can be determined. Nevertheless, the higher
forecasting accuracy shows its advantage for intermittent
requirements.

Question 2: A digital planning method for the automatic
application of established forecasting methods was
successfully developed. By linking simulation-based
approaches, heuristic parameterization and the use of an
appropriately parameterized GA, it was possible to realize an
item-accurate, practical material requirements planning
approach.

Overall, the digital planning approach for intermittent
demand is convincing due to its high specificity (item-
specific  forecast), comprehensibility and empirical
foundation. This is offset by an increased computational
effort, a dependence on static simulations and a certain
sensitivity to data quality.

As an outlook for future research, higher sophisticated
forecasting methods with Machine Learning (ML) could be
developed and their opportunities and risks evaluated.
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