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Abstract: This paper presents a digital planning approach designed for managing
sporadic material demand. It utilizes simulation-based optimization to automate both
the selection and the fine-tuning of forecasting algorithms for individual items.
Although accurate demand forecasting is essential for the efficient planning of spare
parts inventories, existing practical solutions for irregular demand patterns remain
limited. In order to address this gap, we propose a hybrid approach combining rule-
based heuristics, static time series simulation, and metaheuristic parameter
optimization to generate tailored demand forecasts. The approach is validated through
two capital goods manufacturers, demonstrating notable enhancements in forecast
accuracy, particularly for low-frequency and unpredictable demand profiles.

1 Introduction

The control and optimization of inventory levels are critical for balancing purchasing
efficiency, production throughput, sales performance, and customer service quality in
industrial enterprises (Hasan et al. 2024). Effective inventory optimization reduces
capital costs, minimizes stockouts and obsolescence risks, and ensures material
availability while maintaining lean stock levels. Central to this process is stochastic
demand forecasting, which quantifies future sales volumes using historical time series
data (Kiihnapfel 2023). Modern approaches combine multiple algorithms with
parameter optimization within structured forecasting processes to maximize accuracy
(Hyndman, et al. 2021; Kiihnapfel 2023), particularly crucial in volatile markets
where data-driven decisions determine competitive advantage (Gleich et al. 2024).

While forecasting methods for fast-moving goods are well established, sporadic
demand patterns — characterized by irregular, low-frequency requirements with
frequent zero-demand periods — remain understudied despite their prevalence in spare
parts and capital goods sectors (Hasan et al. 2024; Meyer et al. 2019). These patterns
pose unique challenges, as traditional methods such as the Seasonal naive method
often prove inadequate for managing the uncertainty inherent in rare demand events
(Pinge et al. 2021). Simulation-supported, rolling forecasts can be used for methodical
knowledge and create the basis for automated, digital and efficient operational
forecasting (Gleich et al. 2024). This study addresses these deficiencies by developing
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a digital planning method for consumption-based material planning, building on
previous work (Schmid, et al. 2022a; Schmid, et al. 2022b; Schmid, et al. 2022c¢).

The primary innovations of this work are: (a) the integration of advanced forecasting
algorithms for sporadic demand into a practical, consumption-based planning method,
and (b) a systematic evaluation of these algorithms performance relative to the
commonly used Seasonal naive method, which simply projects future demand based
on observed values from the same period in previous cycles, for sporadic demand
forecasting. The proposed approach combines ERP (Enterprise Resource Planning)
data with forecasting algorithms within an automated forecasting system. The
following research questions will be addressed:

1. What comparative advantages do stochastic time series models offer over the
Seasonal naive method for sporadic demand forecasting?

2. How can a digital, user-friendly planning tool make advanced time series models
for sporadic demand practically usable in the capital goods industry?

This paper begins with an introduction (sec. 1), followed by fundamental concepts

(sec. 2), a state-of-the-art review of forecasting methods (sec. 3), case studies (sec. 4),

method development and evaluation (sec. 5), and concludes with results and future

research directions (sec. 6).

2 Fundamentals of sporadic material requirements

Contrary to common belief, sporadic demands can be forecasted using specialized
methods already documented (Pinge et al. 2021). A reliable forecast must recognize
from the historical data whether changes in the data indicate a genuine, future-relevant
trend (‘signal’) or whether it is merely a one-off fluctuation (‘noise’) in the data. This
knowledge is crucial in order to derive reliable forecasts (Kiihnapfel 2023). Sales data
can exhibit constant, trend, seasonal, or sporadic patterns (Schuh, et al. 2014), often
in combination (Hyndman, et al. 2021). Deconstructing these patterns aids in choosing
appropriate forecasting techniques. A reliable forecast requires the use of different
forecasting methods, the optimal combination of their results in an integrated model
and a systematic evaluation of the accuracy and quality of the forecast (Kiihnapfel
2023). To identify suitable forecasting algorithms for the capital goods industry, a
literature review was conducted. However, literature shows no consensus on the
optimal method for each pattern (Schmid, et al. 2022¢). Sixteen common forecasting
algorithms (see Fig. 1) were selected as the most prevalent for tool development, to
address the lack of guidance in method selection and parameterization. (Schmid, et al.
2022a; Schmid, et al. 2022b).

The approach in this paper relies on the common XYZ analysis to classify materials
based on demand variability. Items are grouped as X (stable, highly predictable
demand), Y (moderately predictable, often seasonal or trending demand), and Z
(irregular, sporadic demand with low predictability) (Stojanovi¢, et al. 2017). The
classification is based on the coefficient of variation, which quantifies demand
fluctuation relative to average demand.
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Figure 1: Literature review - time series and forecasting algorithms (own Fig.
based on: (Schmid, et al. 2022a; Schmid, et al. 2022b))

3 State of the Art

This study builds on prior work by analyzing Z-item predictability using real data. A
systematic literature review (Fig. 2) reveals that most research focuses on forecasting
for consumer goods with limited product ranges. For example, Kim et al. 2017
simulated 18 products, Zhuang et al. 2022 applied machine learning for optimal
demand combinations, and Huang et al. 2014 forecasted at the UPC level for a US
retailer. While Sayed et al. 2009 analyzed 1,500 FMCG items using a GA to combine
forecasts. This study focuses on sporadic demand in the capital goods sector, applying
16 forecasting methods to broad product portfolios (see sec. 4).

Simulation Optimization Simulation-based Optimization

(Kim et al., 2017) (Tarallo et al., 2019) (Huang et al., 2014)
(Sarper und Jaksic, 2019) (Zhuang et al., 2022) (Pires et al., 2018)
(Zeiml et al., 2019) (Sayed et al., 2009)
(Zougagh et al., 2020) (Schmid et al., 2022)
(Yang et al., 2012)

Figure 2: related forecast optimization approaches in the literature

4 Case study

The method was tested with data from two Austrian capital goods manufacturers, a
sector where rising product variety demands fast, flexible delivery and accurate
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planning. Figure 3 summarizes the key metrics of both case study companies. Capital
goods, such as machinery used in production, form a significant part of Austria’s
export economy and are characterized by multi-period use (Hache et. al. 1997).

Sector:

Employees:

Annual sale:
Customers:
Purchasing volume:
Items (active):

Capital goods manufacturer 1

Fittings and valves production
115 FTE (Full-Time Equivalent)
22,3 million EUR

346 in 51 countries

11,5 million EUR

11.219 production items

Capital goods manufacturer 2

Automotive industry

243 FTE (Full-Time Equivalent)
89 million EUR

38.800 in 22 countries

59 million EUR

17.726 spare part items

Suppliers: 1.780 in 61 countries 1.258 in 28 countries

ERP system: SAP Infor M3

Period under review: -36 months sales history -36 months sales history
Forecast period: +12 months (Sep 2021-Aug 2022) +12 months (Apr 2021-Mar 2022)

Figure 3: Characterization of the two capital goods manufacturers

‘Capital goods’ are products used in the production of other goods, not for direct
consumption. These are ‘goods that produce other goods’ (Hache et. al. 1997), such
as machines in manufacturing. Unlike consumer goods, they are used over multiple
economic periods. Figure 4 presents key case study material parameters. ‘Not
classifiable’ items with no recent demand could not be classified via XYZ analysis.

Material classification based on Manufacturer 1 [# items]

Manufacturer 2 [# items]

XYZ analysis Data from Sep 2018—Aug 2021 Data from Apr 2018—Mar 2021
X-item classification 140 4.061
Y-item classification 1.101 4.071
Z-item classification 6.109 4.156
Not classifiable 3.869 4.738
Total: 11.219 17.026

Figure 4: Material classification according to XYZ analysis for both companies

5 Enhanced Digital Planning Method

A semi-automated digital planning tool was developed using MS Excel and VBA
(Visual Basic for Applications) to optimize demand forecasting in the capital goods
industry (Schmid, et al. 2022a; Schmid, et al. 2022b). The tool is designed to ensure
traceable forecasts and support future automatization and digitalization. The planning
method utilizes static simulation and a rule-based heuristic to select optimal
forecasting methods for each item. Parameterization is automated using a Genetic
Algorithm (GA), ensuring each item receives the best possible model configuration.
The benefits of this approach are evaluated in two case studies and discussed in section
6. Empirical studies consistently show that combining multiple forecasting algorithms
yields superior results to the single method (Kiihnapfel 2023). Despite this, many
companies continue to use one single forecasting technique (Gleich et al. 2024). The
developed tool addresses this weakness by integrating and optimizing the use of
sixteen forecasting algorithms (see Fig. 6).
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Figure 5: Simulation-based optimization of stochastic demand planning (adapted
from generic concept of a simulations-based optimization (Mdrz et al. 2011))

The modeling aims for the highest possible quality of forecast (Schmid et al., 2022b).
The digital planning method consists of the following seven steps:

Data Preparation: Historical sales data are imported from ERP systems, cleaned, and
aggregated into monthly time series for each item. Data exchange is facilitated
through XLSX and TXT file interfaces, ensuring consistent and up-to-date inputs for
the forecasting process (Schmid, et al. 2022a; Schmid, et al. 2022b).

Configuration Setup: Forecasting and optimization parameters are defined,
including coverage, undercoverage, initial values, and thresholds. For both case
studies, rolling forecasts are generated for +12 months based on -36 months of sales
history, as longer forecast periods often reduce accuracy (Schmid, et al. 2022a).

Calculation Generation: For each item, the tool calculates forecasts and errors (using

Mean Squared Error, MSE) across all sixteen algorithms — comprising twelve

established base methods and four additional algorithms specifically designed for

sporadic demand (see Fig. 1) introduced in this study. The results for each method and
item are systematically recorded (examples in Fig. 6). The key algorithms for sporadic
demand include:

e C(Croston method: The standard for sporadic demand; it separately estimates
demand size and interval, improving accuracy over simple moving averages
(Singh et al. 2024).

o Syntetos-Boylan Approximation (SBA): The SBA method reduces the systematic
overestimation of the Croston method by applying a correction factor with a
smoothing parameter optimized from historical demand intervals (Syntetos et al.
2005).
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o Teunter-Syntetos-Babai method (TSB): Combines the strengths of Croston and
SBA, and incorporates the probability of future demand, further enhancing
forecast accuracy (Teunter et al. 2011).

o Trigg and Leach add. smoothing technique: Dynamically adjusts smoothing
constants in response to forecast errors, making it suitable for highly irregular,
noisy patterns. A tracking signal detects systematic errors and triggers adjustments
(Trigg et. al. 1967).

Croston method Syntetos-Boylan Approximation (SBA)
2 2
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Figure 6: Comparison of sales history and forecasts for different algorithms

Optimization: A Genetic Algorithm (GA) optimizes parameters for Methods of exp.
smoothing (0. = smoothing, B = trend, y = seasonality, 6 = damping) via MS
Excel/VBA integration (Schmid, et al. 2022b). Non-parametric methods are excluded.
The initial solution is based on optimized parameters (o = 0.2; B =0.5; y=0.5; 6 =
0.8) derived from a dataset of over 11,100 items. The optimization process involves
specifying the objective function, variables, and constraints, including algorithm
runtime and stopping criteria, to minimize the forecast error. Once these preparatory
steps are completed, forecasts are calculated for all implemented algorithms. The key
measures in this planning step are as follows:

The forecast parameter(s) is/are optimized using a Genetic Algorithm (GA)

All results (forecast values, parameters etc.) are summarized in a results sheet
Identification of ‘non-predictable items’

The forecast result with the lowest forecast error is transferred to the results sheet
Export of the results

M

Post-optimization, all sixteen forecasting methods are executed sequentially. The tool
allows dynamic exclusion/inclusion of algorithms to tailor comparisons.

Simulation Parametrization: When simulating the optimal item-specific forecast,
the optimized forecast error is used as an evaluation criterion. The digital planning
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method developed here for optimized demand calculation allows for the
parameterization (see Fig. 5). This is also an added feature compared to the already
published base-method of the simulation using one of the following ten standard
evaluation methods (MSE, MAD, MAPE, standard deviation, WAPE, MASE, BIAS,
TS, rMAD, rMSE). The optimization of forecast parameters can be deactivated in
principle.

Simulation Execution: Forecast quality is evaluated by comparing predicted and
actual values for all forecasting algorithms using simulation and the selected
evaluation method. Rolling monthly sales forecasts are generated using static
simulation and rule-based heuristics, with the best of sixteen methods selected per
item based on the lowest MSE (see Fig. 7).

Capital goods Capital goods
Implemented forecasting algorithms HEAEEI IS UICIETR2

percent percent
Naive method 1 0,0 % 0 0,0 %
Seasonal naive method 231 3,8% 131 3,2%
Trend naive method 68 1.1% 6 0,1 %
Arithmetic mean 18 0,3 % 1 0,0 %
Moving average 2.236 36,6 % 2.065 49,7 %
Weighted moving average 5 0,1 % 2 0,1%
1st-order exp. smoothing 19 0,3 % 0 0,0 %
2nd-order exp. smoothing damped trend method 125 2,0 % 99 2,4 %
2nd-order exp. smoothing non damped trend method 363 5,9 % 294 71 %
3rd-order exp. smoothing add. method 421 6,9 % 381 9,2 %
3rd-order exp. smoothing mult. method damped 425 70% 67 1,6 %
3rd-order exp. smoothing mult. method non damped 566 9,3 % 57 1,3 %
Croston method 570 9,3 % 746 18,0 %
Syntetos-Boylan Approximation (SBA) 243 4,0 % 222 53 %
Teunter-Syntetos-Babai method (TSB) 330 54 % 47 1.1%
Trigg and Leach add. smoothing technique 167 2,7% 16 0,4 %
Non-predictable items 322 5,3% 22 0,5 %
Total: 6.109 100,0 % 4.156 100,0 %

Figure 7: Results of the sales forecast for sporadic (Z-) items at item level

The results for both companies can be summarized as follows:

e Methods specifically designed for forecasting sporadic demands (Croston method,
SBA, TSB and Trigg and Leach add. smoothing technique) yiclded the lowest
MSE for 21.4% (Company 1) and 24.8% (Company 2) of items.

e Moving Average was optimal for 36.6% (Company 1) and 49.7% (Company 2),
which was unexpectedly high for sporadic demand.

e The average forecast error reduction was ~60% and ~54% for the two companies.

e Only nine of sixteen methods allow parameter optimization; these are
recommended for ~53% (Company 1) and ~46% (Company 2) of items.

Results Preparation & Output: The digital tool demonstrates that parameter-
optimized Methods of exp. smoothing outperform the Seasonal naive method
(common in practice) by reducing MSE by ~60% (Company 1) and ~54% (Company
2) through GA-driven parameter tuning (see Fig. 8). Figure 8 reveals no universal
‘best’ method; optimal algorithms vary per item. Over three rolling forecast periods,
only 32% of items retained the same optimal method, highlighting the need for
dynamic adaptation as sales patterns evolve. Selecting the appropriate forecast
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horizon is crucial when planning for longer periods (e.g., several months ahead),
optimization settings must be adjusted to maintain high accuracy in digital forecast
automation.

Reduction of the MSE of sporadic demand forecast in relation to the Seasonal naive method
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Figure 8: MSE reduction vs. Seasonal naive method

6 Discussion

In practice, the Seasonal naive method is widely used, simply projecting the previous
12 months’ consumption as the forecast for the next 12 months. However, this
approach is inadequate for sporadic demand patterns, which characterize a large
proportion of the items in the capital goods sector studied here (see Fig. 5). Applying
the presented digital planning method with a mix of sixteen forecasting algorithms-
reduced MSE by ~54% to ~60% across two case studies, significantly improves
forecast accuracy. The following answers can be provided to the research questions
posed in Chapter 2:

Question 1: Special forecasting methods for sporadic demand (Croston, SBA, TSB,
Trigg & Leach) are used in 21-25% of cases (see Fig. 7): These reduced the MSE by
an average of 55-61% (see Fig. 8), which significantly improves the forecast quality
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in both case studies. Due to the different distribution of Z-articles in both case studies
(see Fig. 4), it could not be clearly determined whether these specialized methods
were superior to classical methods in all cases. Nonetheless, their use led to higher
accuracy for sporadic demand.

Question 2: A digital, simulation-based planning method was successfully
implemented, automatically applying literature-based forecasting methods for
sporadic demands. Combining simulation, heuristic parameterization, and GA
optimization enabled item-specific, practical material requirements planning. This
approach proved beneficial in the capital goods industry, where complex spare parts
structures and sporadic demand prevail.

Outlook: Future research should advance sporadic demand forecasting in two main
ways. First, Machine Learning (ML) offers potential to capture complex demand
drivers by incorporating external data - such as weather, economic indicators, or
consumer sentiment - beyond historical order patterns. However, the sparse nature of
sporadic demand requires careful assessment of ML’s risks, especially that of
overfitting. It also requires robust feature selection. Secondly, moving from sequential
to integrated planning systems could reduce inefficiencies caused by error
propagation between separate steps such as forecasting, safety stock calculation, and
lot sizing. Developing unified frameworks that optimize these elements together,
using real time data, would be especially valuable for manufacturers with service-
oriented models where the availability spare parts is critical.
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