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 A B S T R A C T

The widespread adoption of Internet of Things (IoT) technologies within Industry 4.0 has increased the need for 
more responsive and efficient intralogistics operations, especially as industries move toward highly customized, 
small-batch production. Autonomous Mobile Robots (AMRs) provide the flexibility needed for dynamic 
industrial environments. However, their effective integration relies on accurate task-duration estimates, which 
are difficult to obtain due to system variability and operational uncertainty. This work addresses this challenge 
by statistically modeling picking and loading/unloading times using real-world industrial data. Probability 
distribution-fitting techniques are employed to capture the random nature of these operations, thereby reducing 
the need for unrealistic assumptions often used in scheduling models. The proposed methodology enhances the 
statistical basis for robust AMR fleet scheduling, improving coordination and reducing operational variability. 
Validation is conducted by directly comparing empirical data with fitted distributions, demonstrating clear 
improvements in representativeness and predictive accuracy. The results demonstrate the potential of this 
approach to improve decision-making in highly dynamic intralogistics environments.
. Introduction

The 4th Industrial Revolution has driven the adoption of Internet 
f Things (IoT) technologies, enhancing business competitiveness and 
lobalizing Industry 4.0 technologies [1]. This transformation inte-
rates production engineering, information and communication sys-
ems, and big data analytics to shift from mass production to small-
atch, highly customized manufacturing. However, the increasing mar-
et demand for product variety and customization requires greater 
esponsiveness from industries and their collaborative networks [2].
To maintain high productivity, companies must either invest in 

ew production lines or improve existing ones, while minimizing op-
ortunity costs through optimized intralogistics operations [3]. The 
fficiency of intralogistics operations can be enhanced by utilizing 
utonomous Mobile Robots (AMRs), which can quickly adapt to the 
ynamic environments of industrial settings. However, their use intro-
uces new integration challenges, such as developing approaches to 
oute planning that account for unexpected events, including break-
owns and uncertainty in task execution times [4].
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A critical step toward effective AMR use is task scheduling, which 
requires reliable estimates of task duration. This is challenging given 
the dynamic environment in which they operate (e.g., moving obsta-
cles). Accurate task duration estimates reduce system variability and 
improve fleet coordination, just as they improve project scheduling 
under uncertain durations [5]. Precise modeling of picking times is 
essential for planning future scheduling approaches, including robust 
scheduling methods. While Mixed-Integer Linear Programming (MILP) 
is often used for task allocation and scheduling, its success depends on 
accurate time distributions and predictive modeling [6,7]. In line with 
optimization-driven research on robotic manufacturing systems [8], the 
practical effectiveness of AMR scheduling models ultimately depends 
on realistic input parameterization, motivating distribution-based char-
acterization of uncertain service times to enable decision-ready and 
robust scheduling.

Implementing AMR fleets or other complex systems in real-world 
settings benefits from a digital representation of the problem, ranging 
from a single simulator to a complete Digital Twin, which allows 
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testing algorithms and proposed models under actual deployment con-
ditions [1,9,10]. A range of methods for incorporating input data 
into simulation models has been proposed and explored, including 
trace-driven simulation, empirical distributions, and statistical infer-
ence [11]. Discrete Event Simulation (DES) enables modeling of sys-
tems that change at discrete points in time [11], supporting model 
verification and validation and ensuring that Key Performance Indica-
tors (KPIs) are met. It can create physical or mathematical models of 
varying complexity, based on available resources and decision-making 
needs. As a stochastic, dynamic, and discrete approach, DES can model 
uncertainty, time-dependent behaviors, and changes in discrete states, 
thereby ensuring a realistic representation of the system. However, a 
significant limitation of DES is its reliance on accurate models of the 
target system to provide acceptable accuracy [10,12].

Real-world systems are inherently subject to randomness that affects 
model validity and operational performance, making realistic input 
probability distributions essential. The operational data used in this 
study were collected and preprocessed in the context of an industrial 
case study developed under Project AGiLE [13–15]. This work improves 
the robustness of AMR scheduling models by accurately modeling the 
statistical behavior of picking and loading/unloading operations. Using 
real-world data, probability distribution-fitting techniques are applied 
to capture representative statistical characteristics and reduce reliance 
on unrealistic assumptions. These improvements provide a stronger 
statistical foundation for task allocation, ensuring more reliable and 
adaptable scheduling by enabling accurate timing information and 
reducing bottlenecks. The proposed approach is validated by directly 
comparing the empirical distribution with the newly proposed dis-
tributions on processed data, demonstrating its potential to enhance 
decision-making in dynamic operational environments.

The remainder of this article is organized as follows. Section 2 
reviews the state of the art on AMRs as intralogistics agents and on 
robust scheduling, highlighting the main challenges reported in the 
literature. Section 3 formulates the scheduling problem under study 
and states the modeling assumptions. Section 4 details the proposed 
methodology and the statistical modeling framework designed to better 
reflect real operational conditions. Section 5 presents the experimental 
evaluation and performance analysis. Section 6 describes how to gener-
ate synthetic data with statistical properties consistent with the original 
recorded samples for further testing and analysis. Finally, Section 7 
concludes the article and outlines directions for future research.

2. Related work

This section reviews the existing state of the art on AMRs as intralo-
gistics agents (Section 2.1), on robust scheduling (Section 2.2), and on 
the statistical modeling of operational times for data-driven decision 
support (Section 2.3). 

2.1. Autonomous mobile robots as intralogistics agents

AMRs autonomously transport materials in industrial environments, 
supporting intralogistics by resupplying production lines and handling 
flows from raw materials to finished products [10]. Such vehicles 
can be guided using laser-based systems, wireless communication sen-
sors, barcode markers, Radio Frequency Identification (RFID) tech-
nology, magnetic guidance strips, optical navigation systems, ultra-
sonic or vision-based systems, and Global Navigation Satellite Systems 
(GNSS) [3,16,17].

An essential feature of AMR operation is route planning, which 
depends on vehicle localization and onboard sensors to interact with 
the surrounding environment and gather relevant data [1,9]. Differ-
ent approaches have been explored, such as knowledge-guided multi-
objective Estimation of Distribution Algorithms with delivery satis-
faction evaluation [18], Hybrid Genetic Algorithms combined with 
2

Large Neighborhood Search (GA-LNS) [19], Digital Twin-based solu-
tions [10], and simulators for intralogistics automation based on DES 
and agent-based modeling [1,9]. More broadly, integrated decision-
analytic approaches have shown that DES can be combined with com-
plementary system-analysis methods to support structured diagnosis 
and improvement of Industry 4.0 manufacturing systems [20], reinforc-
ing the need for credible, data-grounded input models in simulation-
based decision support.

Monitoring AMR fleet performance is crucial for enhancing intralo-
gistics efficiency and productivity. KPIs such as material replenishment 
time, vehicle punctuality, and unloading efficiency depend on machine 
stoppages, last-minute orders, or operator unavailability [18]. Addi-
tional metrics, including task completion rate and incident frequency, 
highlight the need for improved route planning and environmental 
adaptation to AMR traffic [1,18].

Vehicle scheduling and route planning remain significant challenges 
in intralogistics, as they directly affect material delivery efficiency 
and overall productivity [18]. These tasks must also account for the 
limited energy autonomy of battery-powered AMRs, necessitating the 
optimization of routes and charging schedules [19]. Safety is another 
key concern, demanding proper speed control, braking distances, and 
dedicated human–robot interaction zones to protect personnel and 
equipment [10]. Furthermore, the introduction of AMRs may raise con-
cerns among operators, making effective communication and change 
management essential for user acceptance [21].

2.2. Robust scheduling

Modern intralogistics must evolve towards Cyber-Physical Systems 
that are flexible, robust to unforeseen events, rapidly adaptable to new 
processes, and capable of continuously collecting information about the 
system’s current state and operational needs. In this context, Robust 
Scheduling has gained increasing relevance, as it aims to construct 
operational plans for a set of entities while accounting for dynamic and 
unpredictable events that may interfere with their execution [22].

These scheduling problems are typically divided into two main 
questions: finding an optimal scheduling solution and evaluating its 
performance under disturbances. More recently, a new perspective 
has emerged that integrates environmental sustainability into schedul-
ing problems, seeking solutions that not only minimize operational 
costs and the use of scarce resources but also reduce environmental 
impact [23].

To address such challenges, a wide range of mathematical for-
mulations and algorithmic strategies have been proposed, supported 
by solvers that identify the best solution among multiple feasible 
alternatives. Among these, Mixed-Integer Linear Programming (MILP) 
remains one of the most widely adopted approaches due to its balance 
between modeling flexibility and computational tractability. Other no-
table methods include the Critical Chain Scheduling [24–26], Genetic 
Algorithms (GA) [27,28], Neural Networks (NNs) [29], Mixed-Integer 
Nonlinear Programming (MINLP) [30], Dynamic Event-Response Strate-
gies (DERS) [31], the Analytic Hierarchy Process (AHP) as a multi-
criteria decision-making framework [32], and the Non-dominated Sort-
ing Genetic Algorithm II (NSGA-II), a well-established multi-objective 
optimization technique [23].

Despite of the advances, recent studies have predominantly focused 
on production and maintenance planning, while comparatively limited 
attention has been devoted to the robust scheduling of AMRs in indus-
trial environments. This limitation highlights the need for scheduling 
approaches that are better aligned with the uncertainty and variability 
of real intralogistics operations. 

2.3. Statistical modeling of operational times

A complementary research stream concerns the statistical modeling 
of operational times used as stochastic inputs to simulation, optimiza-
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Fig. 1. Final assembly line layout highlighting the Manufacturing Supermarket (MS) (triangle markers) and the Point of Fit (PoF) (circle markers). The gray and 
dark blue areas represent zones with restricted AMR access.
tion, and scheduling models. In real industrial systems, processing 
and service times are inherently variable, making the specification of 
realistic input probability distributions a critical step in model devel-
opment. In this context, the literature on input uncertainty has shown 
that neglecting the statistical uncertainty associated with input models 
may lead to biased performance estimates and less reliable decision 
support [33].

Within warehousing and intralogistics, several studies have em-
phasized the importance of modeling full probability distributions of 
operational times rather than relying solely on average values. For 
example, throughput-time distribution analysis has been used to sup-
port operational decision-making in warehouse systems [34], while 
more recent studies have examined order-picking times using real 
operational data and analytics-based estimation models [35,36]. Col-
lectively, these works show that operational durations are heteroge-
neous and context-dependent, thereby supporting the use of empirical 
and fitted probability distributions instead of simplified deterministic 
assumptions.

This perspective is also increasingly reflected in digital-twin and 
manufacturing applications. Recent studies have calibrated intralogis-
tics digital twins using real data from plant sensors and information 
systems [37], and live-fitting approaches have been proposed to con-
tinuously identify probability distributions for process times from real-
world production data [38]. Such developments reinforce the view that 
statistically grounded temporal models are essential when the objective 
is to improve operational robustness under changing and uncertain 
conditions.

Despite these advances, limited attention has been devoted to ex-
plicitly characterizing picking and loading/unloading times as stochas-
tic inputs to AMR scheduling models in industrial environments. In 
particular, the literature still lacks studies that integrate real-world 
operational data, distribution fitting, and scheduling-oriented valida-
tion within a unified framework. This gap motivates the present work, 
which seeks to enhance the robustness of AMR scheduling by improving 
the statistical realism of the operational times on which task-allocation 
decisions depend.

3. Problem formulation

The system architecture, inspired by the AGiLE project [13–15], 
adopts a three-tier structure comprising a fleet of three AMRs, sen-
sorized peripherals, and a supervisory entity. The system manages 
component transport between the Manufacturing Supermarket (MS) 
and the Point of Fit (PoF). The MS serves as an intermediate storage 
area for components or work-in-progress items, temporarily storing 
them to supply downstream processes. At the same time, the PoF 
3

corresponds to the specific location along the assembly line where com-
ponents are integrated into the final product. Sequenced components 
share a unique code with their corresponding final product. They are 
delivered to the assembly point either from the MS during the picking 
process or pre-sequenced by the supplier.

The AMRs operate autonomously within the factory layout, nav-
igating freely while avoiding both static and dynamic obstacles and 
communicating seamlessly with the peripherals (racks) and the super-
visory entity. Two types of racks are defined in the system: Line-side 
Racks (𝑟BL), which are fixed structures located along the assembly line 
and typically used for non-sequenced components, and Transport Racks 
(𝑟T), which are mobile structures that carry sequenced components 
from the MS to the PoF and function as line-side racks when positioned 
at the PoF, as represented in Fig.  1.

The supply of components comprises three main processes [14,
15], as illustrated in Fig.  2. The LH-WA component family uses three 
transport racks, each capable of carrying 24 pieces. The CF process 
employs two transport racks, each with a capacity of 18 pieces. The 
EM process operates with a single transport rack containing two boxes, 
each with 12 pieces. In this case, loading and unloading are performed 
via a shooter mechanism that transfers full or empty boxes between 
the line-side racks and the MS, both of which are fixed in position. 
A fourth process, RH-WA, serves as a backup and expansion point 
and uses the same rack capacity as LH-WA. This configuration enables 
coordination among multiple MSs and PoFs, ensuring a systematic, 
continuous supply of components in response to event-based triggers.

Each component is associated with a specific MS–PoF pair, as illus-
trated in Fig.  1, which defines four main processes labeled 1, 2, 3, and 
4. In this representation, triangles indicate the locations of the MSs (S1, 
S2, S3, and S4), circles mark the PoFs (P1, P2, P3, and P4), and double 
circles denote the Pre-Assembly (PA) process for the EM, which occurs 
before its assembly at PoF P3. The supply of these components involves 
bidirectional rack movements between each MS and its corresponding 
PoF. These transfers are triggered by production events, typically task 
initiation, process completion, or low inventory detection. The WA-RH, 
when active, operates under the same triggers as the WA-LH, since both 
correspond to the same component type installed on opposite sides of 
the line. Once a trigger is activated, the supervisory system generates a 
transport request, which the AMR fleet management module evaluates 
to assign the nearest available robot to execute the task.

The rack movement logic follows a configuration defined by the 
project managers, in which the combination of the number of pieces W,
X, Y, and Z, as shown in Table  1, determines the triggering of transport 
operations. This configuration was validated in a previously performed 
study on an assembly line [14]. The timing of these triggers depends 
on several factors, including the picking time of each component at its 
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Fig. 2. Different queues: MS for LH-WA and RH-WA (left), PoF for LH-WA (center left), PoF for RH-WA (center right), and MS for CF (right).
Table 1
Trigger events for rack movement by component and location.
 LH-WA CF EM  
 MS Rack exits PoF Picking completed W=12 pieces  
 (free PoF position) Rack exits PoF needed at  
 Picking completed (free PoF position) pre-assembly site  
 PoF X=4 pieces in rack Y=4 pieces in rack Box unloading completed  
 being consumed at PoF being consumed at PoF Box loading completed  
 PA – – Z=12 pieces needed at PoF 
MS, the loading and unloading durations at the start and end of each 
supply task, AMR travel speeds, box handling times for the EM, and 
the number of remaining pieces at the assembly line. In the case of the 
CF process, one of the triggers in Table  1 is redundant, as two rack 
positions are always available at the PoF, ensuring that a free position 
is maintained whenever a rack is located at the MS.

The loading and unloading time of an AMR corresponds to the du-
ration between its arrival at a loading or unloading area, the handling 
of the rack, and the moment it resumes movement. There are several 
different queue spaces, each serving as a waiting area where entities 
are temporarily held before moving on to the next stage of the system, 
as illustrated in Fig.  2.

To access real data for the times of every task, information was 
collected from four shifts (Shift 1–4) at Volkswagen Autoeuropa, each 
with distinct, non-overlapping operators [13]. To model the plant 
under optimal performance, the picking times for each shift were 
gathered during April and May 2022, followed by an analysis to ensure 
their consistency and validity for subsequent development [14]. The 
recorded picking times, which indicate how long it takes to complete 
specific tasks, provide a reliable basis for setting simulation model 
parameters. All observations with picking times of less than one minute 
were excluded from the dataset. This threshold was established to 
mitigate the impact of time recording inconsistencies, which frequently 
resulted in unrealistically short durations that did not accurately reflect 
the execution of picking tasks. Without validated reference times, this 
filtering step was used as a cautious data-cleaning measure.

4. Statistical modeling of picking time distributions

Real-world systems inherently exhibit randomness that affects the 
validity of models. The quality and type of input data, such as trace-
driven simulation, empirical distributions, or fitted probability distri-
butions, influence model complexity [11]. In the described approach, 
we focus on adjusting probability distributions that best fit the AMR 
picking and load/unload times.  All implementations were conducted 
in Python, using SciPy for statistical modeling and the Fitter library 
for distribution fitting [39]. To ensure that the most appropriate input 
distributions are selected for the model, the picking times, together 
with the AMR load/unload time data, are preprocessed through the 
following steps:

1. Outliers Removal (Section 4.1) –  Observations with picking 
times below 60 s were excluded as implausibly short records. 
4

Any additional screening was restricted to the upper tail, using 
a skewness-aware upper fence for clearly right-skewed samples 
and the standard Tukey upper fence otherwise;

2. Non-Parametric Density Estimation (Section 4.2) – A non-
parametric estimation of the probability density function is ob-
tained to characterize the underlying data distribution;

3. Distribution Fitting (Section 4.3) – Several statistical distri-
butions are fitted to the data to identify suitable parametric 
models;

4. Performance Metrics Analysis (Section 4.4) – The goodness-of-
fit is assessed to evaluate the fitting quality and determine the 
most representative model.

4.1. Outliers removal

To ensure data consistency while preserving operationally relevant 
delay events, preprocessing was conducted in two stages. First, obser-
vations with picking times below 60 s were removed as implausibly 
short records. This threshold was introduced as a data-quality rule to 
reduce the influence of time-recording inconsistencies that generated 
unrealistically short durations.

After this initial filtering step, no further trimming was applied 
to the lower tail, and any additional outlier screening was restricted 
to the upper tail only. This choice reflects the intended scheduling 
application, in which unusually long task durations are more critical 
than unusually short ones.

For each sample, let the InterQuartile Range (IQR) be defined as 
𝑄3 − 𝑄1, where 𝑄1 and 𝑄3 denote the 25th and 75th percentiles, 
respectively. We then computed the standard Tukey upper fence [40] 
as 
UBTukey = 𝑄3 + 1.5 × IQR. (1)

To account for skewness, we also evaluated the robust medcouple 
statistic (𝑀𝐶) [41]. For positively skewed samples, the upper fence 
was adjusted using the medcouple-based rule of the adjusted boxplot 
for skewed distributions [42]. Specifically, when 𝑀𝐶 > 0.10, the upper 
bound was defined as 
UBadj = 𝑄3 + 1.5 𝑒3𝑀𝐶 × IQR, (2)

whereas, for 𝑀𝐶 ≤ 0.10, the standard Tukey upper fence was retained. 
Thus, the final upper screening threshold was 

UB =

{

𝑄3 + 1.5 𝑒3𝑀𝐶 × IQR, if 𝑀𝐶 > 0.10,
(3)
𝑄3 + 1.5 × IQR, otherwise.
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Table 2
Probability density functions and parameter definitions for selected continuous distributions [43–47].
 Distribution Probability density function Parameters  

 Generalized Normal 𝑓 (𝑥;𝜇, 𝛼, 𝛽) =
𝛽

2𝛼 𝛤 (1∕𝛽)
exp

[

−
(

|𝑥 − 𝜇|
𝛼

)𝛽
]

𝜇: location, 𝛼 > 0: scale, 
𝛽 > 0: shape

 

 Skew Normal 𝑓 (𝑥; 𝜉, 𝜔, 𝛼) = 2
𝜔

𝜙
(

𝑥 − 𝜉
𝜔

)

𝛷
(

𝛼
𝑥 − 𝜉
𝜔

)

𝜉: location, 𝜔 > 0: scale, 𝛼: 
shape

 

 Beta 𝑓 (𝑥; 𝛼, 𝛽, 𝜇, 𝜎) = 1
𝜎 𝐵(𝛼, 𝛽)

( 𝑥 − 𝜇
𝜎

)𝛼−1 (
1 −

𝑥 − 𝜇
𝜎

)𝛽−1
𝛼 > 0: shape, 𝛽 > 0: shape, 
𝜇: location, 𝜎 > 0: scale, 
𝜇 < 𝑥 < 𝜇 + 𝜎

 

 Generalized Logistic 𝑓 (𝑥;𝜇, 𝜎, 𝑐) = 𝑐
𝜎

exp
[

−(𝑥 − 𝜇)∕𝜎
]

(

1 + exp
[

−(𝑥 − 𝜇)∕𝜎
])𝑐+1

𝜇: location, 𝜎 > 0: scale, 
𝑐 > 0: shape

 

Only observations above UB were removed at this stage. This asym-
metric preprocessing strategy limits excessive trimming of plausible 
upper-tail durations in clearly right-skewed samples while preserving a 
conservative screening rule for approximately symmetric distributions.

4.2. Non-parametric density estimation

Kernel Density Estimation (KDE) [48] provides a nonparametric es-
timate of the underlying probability density function, offering a smooth 
representation of the data distribution while reducing the influence of 
sampling noise [49]. It is defined as 

𝑓 (𝑥) = 1
𝑛ℎ𝑛

𝑛
∑

𝑖=1
𝐾

(

𝑥 − 𝑥𝑖
ℎ𝑛

)

, (4)

where 𝑛 is the sample size, 𝑥 is the evaluation point, 𝑥𝑖 is the 𝑖th 
observed value in the sample, and ℎ𝑛 is the bandwidth (or smoothing 
parameter), which controls the smoothness of the estimate, similarly 
to the bin width in histograms. The kernel function 𝐾(⋅) defines the 
smoothing shape. The default kernel is the Gaussian distribution, mean-
ing that for each 𝑥𝑖, a Gaussian probability density function is centered 
at 𝜇 = 𝑥𝑖 with standard deviation 𝜎 = ℎ𝑛. The weighted sum of these 
𝑛 Gaussian kernels, scaled by 1

𝑛ℎ𝑛
, yields a continuous estimate of the 

underlying probability density.

4.3. Distribution fitting

The variability in task durations was initially modeled using Gaus-
sian Mixture Models (GMMs), which provide a flexible probabilis-
tic framework for capturing multimodal behavior. Each sample 𝐗 =
{𝑥1,… , 𝑥𝑛} is represented as a weighted combination of 𝑁 Gaussian 
components, assuming latent subpopulations characterized by mean 𝜇𝑗 , 
variance 𝜎2𝑗 , and non-negative mixture coefficient 𝜋𝑗 according to 
𝑁
∑

𝑗=1
𝜋𝑗 = 1, 𝜋𝑗 ≥ 0. (5)

The PDF of the mixture is defined as 

𝑓 (𝑥𝑖 ∣ 𝜽) =
𝑁
∑

𝑗=1
𝜋𝑗𝑓𝑗 (𝑥𝑖 ∣ 𝜇𝑗 , 𝜎2𝑗 ), (6)

with each component given by 

𝑓𝑗 (𝑥𝑖 ∣ 𝜇𝑗 , 𝜎2𝑗 ) =
1

√

2𝜋𝜎2𝑗
exp

(

−
(𝑥𝑖 − 𝜇𝑗 )2

2𝜎2𝑗

)

. (7)

The full parameter vector is represented as 

𝜽 = {𝜋1, 𝜇1, 𝜎21 ,… , 𝜋𝑁 , 𝜇𝑁 , 𝜎2𝑁}. (8)
5

Parameter estimation was performed using the Expectation–
Maximization (EM) algorithm, which iteratively maximizes the log-
likelihood represented by 

𝓁(𝜽) =
𝑛
∑

𝑖=1
log 𝑓 (𝑥𝑖 ∣ 𝜽). (9)

This formulation enables the identification of latent subgroups 
within the data, reflecting variations in operator, shift, or working 
condition. Compared with unimodal distributions (e.g., Normal, Log-
normal, Weibull), GMMs capture heterogeneity and provide a more re-
alistic statistical description of the system’s temporal behavior, forming 
the probabilistic basis for the subsequent scheduling model.

In this study, GMMs were fitted to the picking-time distributions 
of operators at the MS stations and to AMR load/unload times. This 
allowed the detection of potential differences across shifts or working 
teams. Nevertheless, following Occam’s Razor, simpler parametric mod-
els were preferred whenever they provided comparable goodness-of-fit. 
Thus, each sample was also fitted to a broad set of classical distributions 
with the Fitter library [39]. The representative families retained for 
reporting and discussion in this study are the Generalized Normal, Skew 
Normal, Beta, and Generalized Logistic distributions, as summarized in 
Table  2.

4.4. Performance metrics analysis

To assess the adequacy of the fitted probability models, we em-
ployed both the K-Sample Anderson–Darling (AD) [50] and the K-
Sample Kolmogorov–Smirnov (KS) [51] tests. In the K-sample setting, 
the AD statistic assigns greater weight to tail discrepancies across 
all groups, making it particularly effective at detecting differences in 
extreme quantiles. In contrast, the K-sample KS test is most sensitive 
to differences around the central region of the pooled distribution. 
The complementary sensitivity profiles of the K-sample AD and KS 
procedures, therefore, provide a more comprehensive evaluation of 
goodness-of-fit across the entire domain.  Both tests are nonparametric 
methods that assess the discrepancy between the empirical sample and 
simulations from the fitted models. 

In this implementation, we use the two-sample AD test statistic 
to compare two independent samples {𝑋1,… , 𝑋𝑛} and {𝑌1,… , 𝑌𝑚}
by quantifying the discrepancy between their empirical distribution 
functions. Let 𝑁𝑇 𝑜𝑡 = 𝑛 + 𝑚  and let {𝑍1,… , 𝑍𝑁𝑇 𝑜𝑡

} denote the pooled 
ordered sample. For each 𝑖 = 1,… , 𝑁𝑇 𝑜𝑡, the joint empirical distribution 
is defined as 
𝐻𝑖 =

𝑖
𝑁𝑇 𝑜𝑡

. (10)

The empirical cumulative distribution functions of the individual 
samples, evaluated at 𝑍𝑖, are given by 

𝐹𝑖 =
1
𝑛

𝑖
∑

𝟏{𝑍𝑗 ∈ 𝑋}, (11)

𝑗=1
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and 

𝐺𝑖 =
1
𝑚

𝑖
∑

𝑗=1
𝟏{𝑍𝑗 ∈ 𝑌 }. (12)

The two-sample Anderson–Darling statistic is then computed as 

𝐴2 = 𝑛𝑚
𝑁𝑇 𝑜𝑡

𝑁𝑇 𝑜𝑡
∑

𝑖=1

(

𝐹𝑖 − 𝐺𝑖
)2

𝐻𝑖
(

1 −𝐻𝑖
) , (13)

 where large values of 𝐴2 indicate increasing discrepancy between the 
two samples, particularly because the weighting term [𝐻𝑖(1 −𝐻𝑖)

]−1, 
which assigns greater influence to differences in the tails.  Because the 
model parameters are estimated from the same observed sample used 
for evaluation, standard calibrated 𝑝-values are not formally valid in 
this setting. To account for parameter estimation, the significance of the 
observed AD statistic was therefore assessed using a parametric boot-
strap procedure, which provides an empirical reference distribution 
for the test statistic under the fitted model. Bootstrap-based p-values 
were computed using 𝐵 = 499 replicates. In each replicate, a bootstrap 
sample of size 𝑛 was generated from the fitted model, the same model 
family was refitted to that bootstrap sample, and the AD and KS 
statistics were recomputed by comparing the bootstrap sample with a 
new synthetic sample generated from the refitted model. The bootstrap 
𝑝-value was then estimated as 

𝑝̂ =
1 +

∑𝐵
𝑏=1 𝟏{𝑇𝑏 ≥ 𝑇obs}
𝐵 + 1

, (14)

where 𝑇  denotes either the AD or KS statistic. In contrast, the two-
sample KS test directly compares the empirical distribution functions 
of the two samples. Its statistic is defined as 

𝐷𝑛,𝑚 = sup
𝑥

|

|

𝐹𝑛(𝑥) − 𝐺𝑚(𝑥)|| , (15)

where 𝐹𝑛 and 𝐺𝑚 denote the empirical cumulative distribution func-
tions of {𝑋1,… , 𝑋𝑛} and {𝑌1,… , 𝑌𝑚}, respectively.  Large values of 
𝐷𝑛,𝑚 indicate increasing discrepancy between the two empirical distri-
butions. Again, because the model parameters are estimated from the 
same observed sample used for evaluation, standard exact 𝑝-values are 
not formally valid in this setting. Therefore, the significance of the ob-
served KS statistic was assessed using a parametric bootstrap procedure. 
Combined with the tail-sensitive AD statistic, the two-sample KS test 
provides a more comprehensive assessment of goodness-of-fit.

The fit quality is further evaluated using the log-likelihood function 

𝓁(𝜽) =
𝑛
∑

𝑖=1
log 𝑓 (𝑥𝑖 ∣ 𝜽), (16)

where 𝑓 (𝑥𝑖 ∣ 𝜽) denotes the fitted probability density and 𝜽 the 
parameter vector estimated via maximum likelihood.

Model comparison is performed using the Akaike Information Cri-
terion (AIC) [52] and the Bayesian Information Criterion (BIC) [53], 
defined respectively as 

AIC = −2𝓁(𝜽) + 2𝑘, (17)

BIC = −2𝓁(𝜽) + 𝑘 log 𝑛, (18)

where 𝑘 denotes the number of estimated parameters and 𝑛 the sample 
size. Lower AIC or BIC values indicate a more suitable trade-off between 
model fit and complexity.

Together, the bootstrap-calibrated AD and KS statistics, the log-
likelihood, and the information criteria provide a robust quantitative 
framework for selecting the most representative probability distribution 
for the observed picking and load/unload time data, ensuring that 
uncertainty is rigorously incorporated into the scheduling formulation.
6

5. Experimental results

In this section, the experimental results are presented, analyzing the 
statistical similarity between distributions across shifts (Section 5.1), 
the data preprocessing and the performed statistical analysis (Sec-
tion 5.2), and the Distribution Fitting Analysis and Selection (Sec-
tion 5.3).

5.1. Shifts analysis

To reveal statistically significant differences in picking-time distri-
butions across shifts for specific components, and to assess whether the 
shift data are independent and non-aggregable, we applied the Mann–
Whitney U test [54] to all pairwise group comparisons.  The complete 
pairwise-comparison results are reported in the Online Supplementary 
Material (Section S1). Only a small number of pairs failed to reject 
the null hypothesis of equal distributions at the 5% significance level 
(𝑝-value > 0.05), indicating limited statistical similarity between those 
group distributions.

The results suggest that only a few samples exhibit distributions that 
are statistically similar across shifts. In contrast, data from the same 
shift across the analyzed months tend to show statistical similarity, in-
dicating temporal consistency in operator performance. These findings 
support the conclusion that some shift–component combinations can 
be modeled using a shared distribution. However, due to the signif-
icant differences observed across shifts, particularly within the same 
component, aggregating shift data is not considered an appropriate 
approach.

5.2. Data preprocessing & statistical analysis

In the absence of reference benchmarks for picking-time durations, 
and following a detailed analysis of the distributions at the shift level, 
two modeling scenarios were explored for each component to sup-
port subsequent simulation efforts. The first scenario is pessimistic, 
representing the slowest recorded performance, while the second is 
optimistic, reflecting the best observed operational performance. These 
scenarios aim to capture the variability in operator efficiency and 
provide a realistic range of performance. This dual-scenario modeling 
ensures that the statistical modeling captures the full spectrum of 
variability in operator performance and system behavior.

After applying the preprocessing procedure described in Section 4.1 
to each shift-level sample, the mean and standard deviation of the 
cleaned data were calculated, as reported in the Online Supplementary 
Material (Section S2).

In cases where a shift does not simultaneously exhibit both the 
highest and lowest mean and standard deviation, the selection is further 
supported by evaluating the minimum and maximum observed values 
for each shift. This ensures a more representative identification of 
performance extremes for use in scenario modeling.

In the pessimistic scenario, the selection is not straightforward. 
We chose CF_M3 rather than CF_A2 (M stands for May and A for 
April) because it exhibits the highest mean picking time and a higher 
minimum, indicating that it is systematically slower across the entire 
range, not only due to occasional extremes. Although CF_A2 shows a 
slightly higher maximum and standard deviation, the distribution of 
CF_M3 is centered further to the right, which is more appropriate for a 
conservative scenario. Moreover, its larger sample size provides greater 
confidence that this behavior is stable. The remaining selections met all 
the defined criteria.

We selected WA_RH_M2, WA_LH_M2, EM_M1, and CF_M1 for the 
optimistic scenario because they jointly exhibit low mean picking times, 
relatively small standard deviations, and bounded min–max ranges, 
indicating fast and consistent performance. Moreover, they belong to 
the same month (May), ensuring data homogeneity in this scenario. 
Although CF_A4 shows a lower mean, it belongs to April, and to avoid 
mixing operational conditions across months, CF_M1 was preferred, 
given its acceptable dispersion and large sample size.
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Table 3
Summary statistics for pessimistic scenario components. WA, LH, RH, EM, and 
CF denote component identifiers; M = May; 1–4 = shift numbers.
 Data Mean Std Min Max Length 
 WA_RH_M3 170.12 51.39 65 327 478  
 WA_LH_M3 171.57 48.48 68 309 480  
 EM_M3 167.39 38.10 66 263 457  
 CF_M3 406.71 66.33 237 567 456  

Table 4
Summary statistics for optimistic scenario components. WA, LH, RH, EM, and 
CF denote component identifiers; M = May; 1–4 = shift numbers.
 Data Mean Std Min Max Length 
 WA_RH_M2 124.03 29.25 60 209 516  
 WA_LH_M2 127.19 29.73 60 210 515  
 EM_M1 124.77 23.08 60 186 416  
 CF_M1 335.43 64.94 150 503 511  

Table 5
Goodness-of-fit tests and information criteria for the WA_RH_M3 picking-time 
sample.
 Distribution 𝓁(𝜃̂) AD Stat. AD 𝑝 KS Stat. KS 𝑝 BIC AIC  
 Gen. normal −2555 0.2844 0.092 0.0649 0.130 5128 5115 
 GMM (𝑁 = 2) −2542 −0.5379 0.462 0.0502 0.432 5115 5094 
 GMM (𝑁 = 3) −2538 −0.5363 0.334 0.0418 0.560 5126 5092 
 GMM (𝑁 = 4) −2535 −1.0968 0.970 0.0272 0.970 5138 5092 
 GMM (𝑁 = 5) −2535 −0.4644 0.280 0.0439 0.494 5156 5098 

5.3. Distribution fitting analysis & selection

After applying the preprocessing procedure described in Section 4.1, 
the empirical histograms of picking times, together with the corre-
sponding KDE, are reported in the Online Supplementary Material 
(Section S3) for each selected case, pessimistic and optimistic. Before 
detailing each case, we consistently report the same set of adjustment 
metrics: log-likelihood, two-sample AD and two-sample KS test statis-
tics, their associated 𝑝-values, and AIC and BIC.  The subsequent analy-
sis is performed considering the described pessimistic (Section 5.3.1) 
and optimistic (Section 5.3.2) scenarios. The final parameterization 
of the selected models is presented in Section 5.3.3, followed by a 
literature-based discussion of the fitting results in Section 5.3.4 and 
implications for synthetic-data generation and scheduling integration 
in Section 5.3.5. 

5.3.1. Pessimistic scenario
Regarding the pessimistic scenario analysis, as summarized in

Table  3, we present only the best unimodal distribution that passes 
the goodness-of-fit tests and minimizes the BIC among the classical 
statistical distributions considered. This serves as the parsimonious 
baseline against which the GMMs with 𝑁 = 2,… , 5 are compared. 
To improve readability, only representative goodness-of-fit tables and 
graphical diagnostics are retained in the main text, while the complete 
set of remaining results for the pessimistic scenario is provided in the 
Online Supplementary Material.
Goodness-of-fit summary for WA_RH_M3. As shown in Table  5, all GMMs 
yield bootstrap-calibrated two-sample AD and KS 𝑝-values above 0.05, 
indicating an adequate fit. The log-likelihood increases with 𝑁 , and the 
AIC is minimal (5092) for 𝑁 = 3 and 𝑁 = 4, whereas the BIC is minimal 
for 𝑁 = 2 (5115) due to its stronger penalty on model complexity. The 
KS 𝑝-values increase from 0.432 (𝑁 = 2) to 0.970 (𝑁 = 4), indicating 
that 𝑁 = 3–4 provide essentially the best fit, while 𝑁 = 2 remains the 
most parsimonious.

After inspecting the KDE and Q-Q diagnostics, as illustrated in
Figs.  3 and 4, we select the GMM with 𝑁 = 3 components, as it ties for 
the best AIC (5092), attains bootstrap-calibrated two-sample AD and KS 
7

Fig. 3. Empirical density (KDE, red) for WA_RH_M3 overlaid with the best 
unimodal fit (green, Generalized Normal) and a three-component GMM (blue).

Fig. 4. Q–Q plot for WA_RH_M3 comparing the three-component GMM (blue) 
and the best unimodal model (orange) against the empirical reference line 
(black).

𝑝-values (0.334 and 0.560), yields only negligible log-likelihood gains 
over 𝑁 = 4, and keeps the BIC lower than more complex mixtures, 
thereby balancing goodness of fit and parsimony.
Goodness-of-fit summary for WA_LH_M3. All candidate models yield
bootstrap-calibrated two-sample AD and KS 𝑝-values above 𝛼 = 0.05, 
indicating an adequate fit. The Beta distribution attains the lowest 
BIC (5088) and a competitive AIC (5072), together with a high log-
likelihood (𝓁(𝜃̂) = −2532), making it the most parsimonious unimodal 
option. For the GMMs, the log-likelihood increases with the number of 
components 𝑁 , and the AIC is smallest for 𝑁 = 4 (5068), although 
this improvement comes at the cost of greater complexity, reflected in 
the corresponding BIC increase (5114 for 𝑁 = 4). The KS 𝑝-values also 
improve from 0.316 for 𝑁 = 2 to 0.850 for 𝑁 = 3, indicating that 
mixtures with 𝑁 ≥ 3 provide the closest empirical fit.

After inspecting the KDE and Q–Q diagnostics, we select the GMM 
with 𝑁 = 3 components as the final model. Although the Beta dis-
tribution provides a strong unimodal baseline and closely tracks the 
overall empirical shape, the three-component GMM more closely repro-
duces the empirical density across the main mass of the distribution, 
including the slight shoulder around 120–140 s, while avoiding the 
over-segmentation introduced by higher-order mixtures. Statistically, 
the 𝑁 = 3 GMM achieves a high log-likelihood (𝓁(𝜃̂) = −2527), 
bootstrap-calibrated two-sample AD and KS 𝑝-values of 0.398 and 
0.850, and an AIC (5070) that remains highly competitive with the 
minimum AIC obtained for 𝑁 = 4, while retaining a lower BIC (5104 
vs. 5114). We therefore consider the 𝑁 = 3 mixture to offer the 
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best balance between empirical fit and parsimony, and adopt it as the 
representative picking-time model for WA_LH_M3, while retaining the 
Beta distribution as a competitive unimodal alternative.
Goodness-of-fit summary for EM_M3. All candidate models except the 
𝑁 = 3 GMM yield bootstrap-calibrated two-sample AD and KS 𝑝-values 
above 𝛼 = 0.05, indicating an adequate fit. The log-likelihood increases 
with the number of mixture components. The AIC is smallest for the 
𝑁 = 5 GMM (4619), while the generalized logistic distribution and the 
𝑁 = 2 GMM tie at 4622. The BIC is minimal for the generalized logistic 
model (4634), reflecting its stronger penalty on model complexity. 
Among the lower-order mixtures, the 𝑁 = 2 GMM attains the strongest 
combined AD and KS performance, with bootstrap-calibrated 𝑝-values 
of 0.546 and 0.448, respectively.

After inspecting the KDE and Q–Q diagnostics, we select the GMM 
with 𝑁 = 2 components. Visually, the 𝑁 = 2 mixture closely tracks 
the empirical density across the main mass and the upper tail, while 
remaining closer to the reference line in the upper quantiles than 
the generalized logistic model. Statistically, the 𝑁 = 2 GMM attains 
bootstrap-calibrated two-sample AD and KS 𝑝-values of 0.546 and 
0.448, ties the generalized logistic model in AIC (4622), and avoids 
the additional complexity of higher-order mixtures, whose gains in log-
likelihood are not matched by comparable improvements in BIC. We 
therefore adopt 𝑁 = 2 as the best balance between empirical fit and 
parsimony.

Goodness-of-fit summary for CF_M3. All candidate models yield bootstrap
calibrated two-sample AD and KS 𝑝-values above 𝛼 = 0.05, indicating an 
adequate fit. The log-likelihood increases with 𝑁 . The AIC is smallest 
for 𝑁 = 3, 𝑁 = 4, and 𝑁 = 5 (5117), while the BIC is minimal for the 
generalized logistic model (5131) and remains lower for the unimodal 
baseline than for all mixture alternatives. The bootstrap-calibrated AD 
and KS 𝑝-values improve substantially from the generalized logistic 
model to the higher-order mixtures, with the strongest combined values 
attained for 𝑁 = 4 and 𝑁 = 5.

After inspecting the KDE and Q–Q diagnostics, we select the GMM 
with 𝑁 = 4 components. Visually, the 𝑁 = 4 mixture captures 
the local structure of the empirical density more faithfully than the 
generalized logistic model, including the mild elevation in the lower 
range, the main peak, and the secondary rise in the upper tail, while 
also tracking the reference line more closely in the Q–Q plot. Statis-
tically, it attains bootstrap-calibrated two-sample AD and KS 𝑝-values 
of 0.460 and 0.508, respectively, ties for the best AIC (5117), and 
improves substantially over the 𝑁 = 3 mixture in both goodness-of-
fit measures, while avoiding the additional complexity of the 𝑁 = 5
model. We therefore consider the 𝑁 = 4 mixture to offer the best 
balance between empirical fit and parsimony, and adopt it as the 
representative picking-time model for CF_M3.

5.3.2. Optimistic scenario
Likewise, for this scenario, we present only the best unimodal 

distribution that passes the goodness-of-fit tests and minimizes the BIC 
among the classical families considered, with ties broken by AIC and 
then by parameter simplicity. Again, this serves as the parsimonious 
baseline against which the GMMs with 𝑁 = 2,… , 5 are compared. 
To improve readability, only representative goodness-of-fit tables and 
graphical diagnostics are retained in the main text, while the complete 
set of remaining results for the optimistic scenario is provided in the 
Online Supplementary Material.
Goodness-of-fit summary for WA_RH_M2. All candidate models yield 
bootstrap-calibrated two-sample AD and KS 𝑝-values above 𝛼 = 0.05, 
indicating an adequate fit. The bootstrap-calibrated KS 𝑝-values im-
prove from 0.150 for the skew-normal model to 0.522 for 𝑁 = 2, 
while the log-likelihood generally increases with the number of mixture 
components. Information criteria favor parsimonious models, since the 
AIC is smallest for 𝑁 = 2 (4922), whereas the BIC is smallest for 
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Table 6
Goodness-of-fit tests and information criteria for the WA_LH_M2 picking-time 
sample.
 Distribution 𝓁(𝜃̂) AD Stat. AD 𝑝 KS Stat. KS 𝑝 BIC AIC  
 Skew Normal −2461 −1.0494 0.970 0.0311 0.942 4940 4928 
 GMM (𝑁 = 2) −2459 −0.7512 0.622 0.0388 0.694 4950 4929 
 GMM (𝑁 = 3) −2457 −0.6894 0.460 0.0485 0.308 4964 4930 
 GMM (𝑁 = 4) −2457 −0.6206 0.388 0.0427 0.460 4984 4937 
 GMM (𝑁 = 5) −2455 −0.4133 0.232 0.0563 0.120 4997 4937 

the skew-normal model (4938). Although the 𝑁 = 4 mixture attains 
the highest bootstrap-calibrated AD and KS 𝑝-values, it does so at a 
substantially larger BIC (4975), reflecting its higher complexity.

After inspecting the KDE and Q–Q diagnostics, we select the GMM 
with 𝑁 = 2 components. Visually, the 𝑁 = 2 mixture improves upon 
the skew-normal baseline while remaining essentially comparable to 
the 𝑁 = 3 mixture in both the density overlay and the Q–Q plot. 
Statistically, it achieves bootstrap-calibrated two-sample AD and KS 𝑝-
values of 0.542 and 0.522, respectively, while attaining the best AIC 
(4922) and avoiding the additional complexity of higher-order mix-
tures. We therefore adopt 𝑁 = 2 as the best balance between empirical 
fit and parsimony for WA_RH_M2, while retaining the skew-normal 
distribution as a strong unimodal baseline.
Goodness-of-fit summary for WA_LH_M2. As shown in Table  6, all candi-
dates yield bootstrap-calibrated two-sample AD and KS 𝑝-values above 
𝛼 = 0.05, indicating an adequate fit. The log-likelihood increases only 
mildly with 𝑁 . The Skew Normal distribution attains both the smallest 
AIC (4928) and the smallest BIC (4940), while also achieving the 
highest bootstrap-calibrated AD and KS 𝑝-values (0.970 and 0.942, 
respectively). In contrast, all Gaussian mixtures introduce additional 
complexity without improving either the information criteria or the 
goodness-of-fit measures.

After analyzing Figs.  5 and 6 as visual support, we adopt the Skew 
Normal distribution as the representative model for WA_LH_M2. It 
closely tracks the empirical density and quantiles while remaining more 
parsimonious than the mixture alternatives. Since no GMM provides 
a meaningful improvement in fit relative to the unimodal baseline, 
the Skew Normal model offers the best balance between empirical 
agreement, simplicity, and interpretability in this case.
Goodness-of-fit summary for EM_M1. All candidates yield bootstrap-
calibrated two-sample AD and KS 𝑝-values above 𝛼 = 0.05, indicating an 
adequate fit. The AIC is smallest for the generalized logistic model, the 
𝑁 = 2 GMM, and the 𝑁 = 5 GMM (3797), while the generalized logistic 
baseline attains the lowest BIC (3809). Among the Gaussian mixtures, 
the 𝑁 = 2 model provides the strongest combined bootstrap-calibrated 
AD and KS performance, with 𝑝-values of 0.686 and 0.318, respectively, 
whereas higher-order mixtures offer only limited gains in log-likelihood 
at substantially larger BIC values.

We adopt the GMM with 𝑁 = 2 components. It ties for the best 
AIC (3797), improves both the bootstrap-calibrated AD and KS fit 
relative to the generalized logistic baseline, and remains markedly 
more parsimonious than the higher-order mixtures. The KDE and Q–
Q diagnostics indicate that 𝑁 = 2 tracks the empirical density and 
quantiles slightly better, particularly in the upper quantiles. Hence, 
𝑁 = 2 provides the best balance between empirical fit and parsimony 
for EM_M1, while retaining the generalized logistic distribution as a 
strong unimodal baseline.
Goodness-of-fit summary for CF_M1. All candidates yield bootstrap-
calibrated two-sample AD and KS 𝑝-values above 𝛼 = 0.05, indicating an 
adequate fit. The generalized normal distribution attains the smallest 
AIC and BIC (5717 and 5729), but the Gaussian mixtures remain close 
competitors overall. In particular, the 𝑁 = 2 and 𝑁 = 3 mixtures show 
goodness-of-fit measures comparable to those of the unimodal baseline, 
with only small differences across AD, KS, and information criteria.
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Fig. 5. Empirical density (KDE, red) for WA_LH_M2 overlaid with the best 
unimodal fit (green, Skew Normal) and a two-component GMM (blue).

Fig. 6. Q–Q plot for WA_LH_M2 comparing the two-component GMM (blue) 
and the best unimodal model (orange) against the empirical reference line 
(black).

We therefore select the GMM with 𝑁 = 2 components as the 
representative model. Although the generalized normal distribution 
attains the smallest AIC and BIC, the KDE and Q–Q diagnostics indicate 
that the two-component mixture captures the mild shoulder in the 
empirical density slightly better while remaining broadly comparable 
to the unimodal baseline in overall quantile agreement. Since the 
information-criterion penalty is modest and the mixture offers a more 
flexible representation of the observed shape, we consider the 𝑁 = 2
GMM to provide the best balance between empirical fidelity and model 
complexity in this case, while retaining the generalized normal as a 
strong parsimonious baseline.

5.3.3. Final parameterization of the selected models
For reproducibility, Table  7 reports the fitted GMM parameters 

for the cases in which a Gaussian mixture model was selected as the 
final representative model. For each dataset, components are ordered 
by increasing mean and shown with mixture weight (𝜋𝑘), mean (𝜇𝑘), 
variance (𝜎2𝑘), and standard deviation (𝜎𝑘). These parameterizations are 
the ones used when sampling processing and picking times in the DES 
and when defining scenario-dependent service-time distributions for 
robust scheduling. The WA_LH_M2 case is not included in this table 
because its final selected model is the Skew Normal distribution rather 
than a GMM.

For completeness, the final selected Skew Normal model for
WA_LH_M2 was fitted with parameters (𝜉, 𝜔, 𝛼) = (92.355, 45.776, 2.992), 
where 𝜉 is the location, 𝜔 the scale, and 𝛼 the shape parameter.
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Table 7
Fitted GMM parameters for the selected picking-time samples, with compo-
nents ordered by increasing mean.
 Dataset 𝑁 Comp. 𝜋𝑘 𝜇𝑘 (s) 𝜎2𝑘 𝜎𝑘 (s) 
 
WA_RH_M3 3

1 0.3855 118.412 461.700 21.49 
 2 0.3876 186.084 554.187 23.54 
 3 0.2269 230.671 1238.549 35.19 
 
WA_LH_M3 3

1 0.2877 115.568 347.200 18.63 
 2 0.4788 176.894 570.907 23.89 
 3 0.2335 229.688 1146.956 33.87 
 EM_M3 2 1 0.6516 150.395 778.038 27.89 
 2 0.3484 199.181 1150.293 33.92 
 
CF_M3 4

1 0.1046 290.102 746.233 27.32 
 2 0.3000 366.914 597.802 24.45 
 3 0.3994 421.320 578.912 24.06 
 4 0.1960 500.090 1070.098 32.71 
 WA_RH_M2 2 1 0.6834 109.655 356.212 18.87 
 2 0.3166 155.048 519.760 22.80 
 EM_M1 2 1 0.6604 114.262 297.772 17.26 
 2 0.3396 145.213 353.010 18.79 
 CF_M1 2 1 0.4450 284.904 2059.203 45.38 
 2 0.5550 375.939 2244.782 47.38 

5.3.4. Literature-based discussion of the fitting results
The fitting results are consistent with the literature that moti-

vates this study, which highlights that robust intralogistics schedul-
ing depends on a realistic representation of service-time uncertainty 
rather than on simplified deterministic or unimodal assumptions. In the 
present case, the results show that picking times cannot be satisfactorily 
represented across all datasets and operating conditions by a single 
classical parametric family. Instead, the repeated selection of Gaussian 
mixture models, particularly in the pessimistic scenario, indicates that 
the empirical distributions are shaped by multiple latent operational 
regimes. This finding aligns with the broader literature on industrial 
intralogistics, where process times are influenced by heterogeneous, 
context-dependent sources of variability.

A clear pattern is observed across scenarios. In the pessimistic 
scenario, mixture models were selected in all four cases, with three-
component GMMs for WA_RH_M3 and WA_LH_M3, a two-component 
GMM for EM_M3, and a four-component GMM for CF_M3. In the 
optimistic scenario, simpler representations were more often suffi-
cient, with two-component GMMs selected for WA_RH_M2, EM_M1, and 
CF_M1, whereas WA_LH_M2 was adequately represented by a Skew 
Normal distribution.

The results also show that model selection should not be based 
solely on information criteria. Although unimodal distributions re-
mained competitive in some cases, especially under optimistic condi-
tions, the selected GMMs generally reproduced the empirical KDE and 
Q–Q behavior more faithfully, particularly in shoulder regions and tails. 
This is especially relevant from a scheduling perspective, because inad-
equate modeling of upper-tail behavior may lead to optimistic duration 
estimates and, consequently, to less resilient schedules. The preference 
for low-order mixtures, typically with two or three components, should 
therefore be interpreted as a compromise between statistical fidelity 
and parsimony rather than as a purely likelihood-driven choice.

Overall, these findings reinforce the literature-based argument that 
service-time uncertainty in intralogistics is better represented through 
flexible, data-driven distributions that capture internal heterogeneity 
when present, while still allowing simpler models when supported by 
the data. This provides a statistically and operationally sound basis for 
the scenario-dependent service-time models later used in the DES and 
robust scheduling stages of this study.

5.3.5. Integration of the fitted distributions into the scheduling framework
The fitted distributions were not used merely for statistical char-

acterization. Their main role was to define the stochastic parame-
terization of the service-time components, which were later used in 
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the DES and scheduling framework. More specifically, the selected 
scenario-dependent models for picking times were used to represent the 
variability associated with each component and operating condition, 
while the load–unload process was represented through the fitted GMM 
and its empirical approximation. These stochastic service-time terms 
were then combined with the task-dependent travel-time parameters 
obtained from the validated simulation model, so that each gener-
ated planning instance reflected both the system’s physical transport 
structure and the empirical variability observed in the industrial data.

This integration is central to the scheduling formulation, since the 
model seeks to minimize waiting times and expected task duration un-
der uncertainty. Accordingly, the fitted distributions directly shape the 
temporal structure of the optimization inputs rather than remaining as 
a standalone descriptive analysis. For each task–robot pair, the effective 
service time depends on the selected picking-time model for the cor-
responding scenario, together with the sampled load and unload terms 
and the associated travel-time parameters. In this way, the distribution-
fitting stage provides statistically grounded, scenario-sensitive duration 
inputs for both synthetic data generation and subsequent scheduling 
experiments.

The practical relevance of this integration becomes clearer when 
comparing pessimistic and optimistic scenarios. In the pessimistic case, 
the repeated selection of three-component GMMs indicates more het-
erogeneous service-time behavior, leading to more dispersed task-
duration realizations during planning. By contrast, the optimistic sce-
nario often admits simpler two-component representations, leading 
to more compact realizations and less dispersed planning instances. 
Hence, the fitted distributions are operationally relevant because they 
determine how variability propagates into the DES and MILP stages, 
ultimately affecting sequencing feasibility, waiting-time propagation, 
and resource allocation.

A representative example is provided by WA_RH_M3 and WA_LH_M3,
for which three-component GMMs were selected, together with EM_M3 
and CF_M3, for which two- and four-component GMMs were selected, 
respectively. When these models are used to generate service-time 
realizations, the resulting task durations preserve the multimodal or 
internally heterogeneous structure observed in the empirical data in-
stead of collapsing it into a single average value. The same logic applies 
to the load–unload process, whose fitted mixture model is sampled 
when generating planning parameters. Consequently, the scheduling 
framework is informed by data-driven, scenario-aware service-time 
inputs, which is precisely the mechanism by which the statistical 
modeling stage supports the robust scheduling contribution of this 
study.

Thus, the fitted distributions provide the probabilistic basis for 
the synthetic service-time generation procedure and for the scenario-
dependent parameterization adopted in the scheduling model.

6. Synthetic data generation of service times

This section provides a reproducible procedure for generating syn-
thetic picking and load–unload times for the eight cases comprising 
the pessimistic and optimistic scenarios analyzed in Section 5. The 
sampling procedure uses the final fitted models reported in Table  7 and 
Section 5.3.3 as reference distributions and generates samples in sec-
onds. An optional truncation step excludes values outside the cleaned 
empirical ranges, thereby ensuring consistency with the preprocessed 
data.

For a chosen case  among the eight cases presented in Section 5, 
let the selected model be defined by its final fitted parameters. For 
the seven cases modeled with GMMs, use the component weights, 
means, and standard deviations {(𝜋𝑘, 𝜇𝑘, 𝜎𝑘)}𝑁𝑘=1 reported in Table  7. 
For WA_LH_M2, use the fitted Skew Normal parameters (𝜉, 𝜔, 𝛼) re-
ported at the end of Section 5.3.3. Let 𝑚 denote the desired sample 
size. By default, 𝑚 is set equal to the corresponding empirical sample 
size reported in Tables  3 and 4. The optional lower and upper bounds 
10
(𝓁, 𝑢) may be taken from the corresponding Min and Max values in 
these tables in order to constrain the generated samples to the cleaned 
empirical ranges.

The complete sampling procedure is summarized in Algorithm 1. 
For the seven GMM-based cases, the sampling step may be fully vec-
torized by drawing all component labels simultaneously and, for each 
component 𝑘, generating a batch of size 𝑛𝑘 = #{𝑖 ∶ 𝑍𝑖 = 𝑘} from 
 (𝜇𝑘, 𝜎2𝑘), then scattering the results back into 𝐗. For WA_LH_M2, the 
same vectorization principle applies by directly drawing a batch of size 
𝑚 from the fitted Skew Normal distribution.
Algorithm 1 Sampling from the Final Fitted Model with Optional 
Truncation
Require: Case , fitted model parameters, sample size 𝑚, optional 

bounds (𝓁, 𝑢)
Ensure: Synthetic sample 𝐗 in seconds
1: Set pseudo-random seed 𝑠
2: for 𝑖 = 1 to 𝑚 do
3:  if  ≠WA_LH_M2 then
4:  Sample 𝑍𝑖 ∼ Categorical(𝜋1,… , 𝜋𝑁 )
5:  Sample 𝑋𝑖 ∼  (𝜇𝑍𝑖

, 𝜎2𝑍𝑖
)

6:  else
7:  Sample 𝑋𝑖 ∼ SN(𝜉, 𝜔, 𝛼)
8:  end if
9:  if bounds (𝓁, 𝑢) provided then
10:  while 𝑋𝑖 < 𝓁 or 𝑋𝑖 > 𝑢 do
11:  if  ≠WA_LH_M2 then
12:  Sample 𝑍𝑖 ∼ Categorical(𝜋1,… , 𝜋𝑁 )
13:  Sample 𝑋𝑖 ∼  (𝜇𝑍𝑖

, 𝜎2𝑍𝑖
)

14:  else
15:  Sample 𝑋𝑖 ∼ SN(𝜉, 𝜔, 𝛼)
16:  end if
17:  end while
18:  end if
19: end for
20: return 𝐗 = (𝑋1,… , 𝑋𝑚)

For the seven GMM-based cases, the optional bounds (𝓁, 𝑢) may 
be replaced, for stress-testing purposes, by mixture-quantile cutoffs. In 
such cases, the fitted Cumulative Distribution Function (CDF) is given 
by 

𝐹 (𝑥) =
𝑁
∑

𝑘=1
𝜋𝑘 𝛷

(

𝑥 − 𝜇𝑘
𝜎𝑘

)

, (19)

where 𝛷 denotes the standard Normal CDF. Choose 𝛼 ∈ (0, 0.5), for 
example 𝛼 = 0.01, and set 𝓁 = 𝑞𝛼 and 𝑢 = 𝑞1−𝛼 , where 𝑞𝛼 satisfies 
𝐹 (𝑞𝛼) = 𝛼. Because these bounds are induced by the fitted GMM itself, 
acceptance rates under truncation remain high, and the expected num-
ber of resampling operations remains low.  For WA_LH_M2, analogous 
quantile-based bounds may be obtained directly from the fitted Skew 
Normal CDF using the same definitions of 𝑞𝛼 and 𝑞1−𝛼 .

Deterministic MILP models assume a single service time per activity, 
whereas the empirical data exhibit substantial uncertainty, skewness, 
and tail behavior. A practical way to incorporate this variability is 
to replace point estimates with quantiles of the fitted distributions. 
For each case, we compute the median 𝑞0.50 and one or more upper 
quantiles, such as 𝑞0.90 and 𝑞0.95. The service time in the MILP can then 
be set equal to a target quantile according to 
𝑡MILP = 𝑞𝑝, (20)

so that the probability that the actual service time does not exceed 𝑡MILP

is approximately 𝑝. Alternatively, we can define a tunable buffer around 
the median according to 
𝑡MILP(𝜆) = 𝑞0.50 + 𝜆

(

𝑞𝑝 − 𝑞0.50
)

, (21)

where 0 ≤ 𝜆 ≤ 1, 𝜆 = 0 recovers the nominal median-based duration and 
𝜆 = 1 coincides with the fully robust quantile 𝑞 . The choice of 𝑝 and 𝜆
𝑝



R. Moura, N. Pessanha Santos, A. Madureira et al. Decision Analytics Journal 19 (2026) 100721
modulates robustness, with 𝑞0.50 reflecting typical conditions and 𝑞0.90
to 𝑞0.95 providing protection against upper-tail events at a predictable 
capacity cost.

For simulation and stress testing, synthetic datasets may be gen-
erated using the fitted-model sampling procedure described above. 
Specifically, draw 𝐵 independent batches per case using distinct ran-
dom seeds, run the DES or evaluate the schedule over all batches, 
and summarize the resulting key performance indicators as empirical 
distributions, for example by reporting medians together with 5%–95% 
uncertainty bands.

7. Conclusions & future work

This work develops a statistically principled framework for selecting 
input-time distributions for AMR picking and load/unload operations. 
Through outlier-robust preprocessing, nonparametric diagnostics (KDE 
and Q–Q analysis), and formal goodness-of-fit procedures (two-sample 
AD and two-sample KS at 𝛼 = 0.05) supplemented with information 
criteria (AIC and BIC), we determined, for each process and shift, 
whether classical unimodal families are adequate or whether multi-
regime behavior necessitates Gaussian Mixture Models (GMMs). The 
resulting catalog of distributions and parameterizations is compact, op-
erationally deployable, and faithfully reflects the empirical variability 
observed in a real production environment.

Although the emphasis of this study lies in statistical inference, the 
intended application is operational. The selected distributions are de-
signed to interface directly with both DES and MILP models for robust 
scheduling. In particular, the fitted laws enable (i) expectation- and 
quantile-based surrogates for deterministic MILP formulations (e.g., us-
ing 𝑞0.90–𝑞0.95 as service-time buffers), (ii) chance-constrained or robust 
counterparts with uncertainty sets calibrated from empirical variance 
or quantiles, and (iii) scenario generation for stress-testing schedules 
against tail-event realizations. Collectively, these components yield 
schedules that are significantly less sensitive to stochastic variability, 
thereby improving service reliability and resource utilization across the 
AMR fleet.

An additional benefit is the capacity to support and validate con-
figuration decisions within the plant, such as queue sizing and trig-
gering policies, because the inferred distributions reproduce the ob-
served operational regimes, including the presence of multi-modality, 
when present system configurations can be re-evaluated under realistic 
stochastic inputs rather than ad hoc or overly simplified assumptions.

Future research will focus on closing the loop between statistical 
inference and optimization by (i) embedding the selected distributions 
within a complete MILP-based scheduling study with explicit service-
level guarantees, (ii) extending the present marginal-time models to 
joint or temporally varying formulations (e.g., conditioned on shift, 
congestion, or operator effects), and (iii) deploying online re-estimation 
routines to maintain distributional fidelity over time. Together, these 
developments will enable the translation of the present distributional 
insights into robust, high-confidence production schedules.
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