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Abstract

In conventional logistics optimization problems, an objective function describes the rela-
tionship between parameters. However, in many industrial practices, such a relationship
is unknown, and only observational data is available. The objective of the research is to
use machine learning-based regression models to uncover patterns in the warehousing
dataset and use them to generate an accurate objective function. The models are not only
suitable for prediction, but also for interpreting the effect of input variables. This data-
driven approach is consistent with the automated, intelligent systems of Industry 4.0, while
Industry 5.0 provides opportunities for sustainable, flexible, and collaborative develop-
ment. In this research, machine learning (ML) models were tested on a fictional dataset
using Automated Machine Learning (AutoML), through which Light Gradient Boosting
Machine (LightGBM) was selected as the best method (R? = 0.994). Feature Importance
and Partial Dependence Plots revealed the key factors influencing storage performance
and their functional relationships. Defining performance as a cost indicator allowed us
to interpret optimization as cost minimization, demonstrating that ML-based methods
can uncover hidden patterns and support efficiency improvements in warehousing. The
proposed approach not only achieves outstanding predictive accuracy, but also transforms
model outputs into actionable, interpretable insights for warehouse optimization. By com-
bining automation, interpretability, and optimization, this research advances the practical
realization of intelligent warehouse systems in the era of Industry 4.0.

Keywords: warehouse performance; optimization; regression; machine learning; feature
importance

1. Introduction

Industry 4.0 (14.0) technologies are increasingly being deployed across diverse sectors,
ranging from fire and safety management [1] to traffic control systems, where real-time
data and automation enhance decision-making and operational reliability. These applica-
tions highlight how intelligent systems and advanced analytics can transform traditional
processes into adaptive, data-driven solutions. Within logistics, the integration of Industry
4.0 is particularly relevant, as warehousing represents a critical link between production
and distribution. Modern warehouses face complex challenges such as fluctuating demand,
dynamic material flows, and rising efficiency requirements.

By leveraging ML, IoT, and automation, 14.0 opens new opportunities for optimizing
storage performance and resource allocation. Consequently, warehouse management
becomes a prime field for exploring how data-driven methods can redefine cost-efficiency
and adaptability in industrial practice.
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Within this frame, we review selected articles to highlight the importance of the
research field and identify research gaps. The review focuses on peer-reviewed papers pub-
lished between 2000 and 2025, identified in Scopus and Google Scholar using the keywords

i

“warehouse optimization,” “machine learning in logistics,” and “Industry 4.0 warehouse
performance.” Priority was given to studies that applied quantitative optimization or Al-
based approaches in warehousing contexts. This addition strengthens the methodological
transparency of the literature review.

The rapid expansion of e-commerce has fundamentally reshaped logistics and ware-
housing systems, compelling manufacturing companies to shorten the order-to-delivery
cycle and adopt intelligent, data-driven optimization strategies [2]. Reinforcement learning
(RL) and soft computing methods have been successfully applied to warehouse automa-
tion, supporting dynamic scheduling and coordination of Automated Guided Vehicles
(AGVs) and stackers [2]. In parallel, the Industrial Internet of Things (IloT) and Edge
Intelligence (EI) paradigms have enabled real-time, distributed decision-making closer to
the source of data, enhancing reliability and responsiveness compared to cloud-centric ar-
chitectures [3,4]. These developments illustrate the growing importance of IloT intelligence
for digital manufacturing transformation and large-scale industrial integration [4]. More-
over, integrating RL with time-series forecasting and deep learning techniques has proven
effective in improving demand prediction and inventory management, enabling adaptive
responses to market volatility [5]. Building on these advances, the present study applies
machine learning-based regression models and automated modeling techniques to uncover
hidden performance patterns in warehouse operations, offering interpretable, cost-oriented
optimization insights consistent with the principles of Industry 4.0 and Industry 5.0.

Cost reduction and efficiency improvement are strategic priorities for manufacturing
companies operating in competitive markets. While certain expenditures are inherently tied
to value-creating activities, such as production and quality assurance, and thus considered
essential, there are numerous sub-processes within manufacturing and supply chain (5C)
operations that offer potential for reorganization and optimization. By identifying and
refining these areas, companies can achieve measurable cost savings. Even a reduction of a
few tenths of a percentage point in operational costs can translate into substantial financial
benefits, underscoring the importance of exploiting optimization opportunities through
advanced analytical and algorithmic approaches.

The efficient organization of finished goods warehouses plays a critical role in overall
SC performance. Numerous configurations exist for structuring SCs and managing the
flow of finished products, typically involving the transfer of goods from manufacturing
plants to distribution centers, followed by delivery to retailers. This study focuses on the
performance optimization of finished goods warehouses by analyzing a dataset containing
key performance indicators from various manufacturing sites. The dataset includes multi-
ple descriptive parameters characterizing warehouse operations. The primary objective
variable in the optimization process is the quantity of outgoing materials, which serves as a
proxy for warehouse throughput and operational efficiency.

Warehouse performance optimisation can be approached via several parameters and
broken down into several sub-processes. According to one study, the costliest process in
warehouse operations is order picking, which can account for up to 55% of total operating
costs [6]. The general approach is to determine warehouse performance based on the
distance travelled by various material handling equipment. This can be optimally achieved
by designing a layout tailored to the specific warehouse [7]. The minimum distance
travelled can also be achieved with different storage strategies, as the picking route can
be reduced by dynamically changing the destination. The random assignment method
results in high space utilisation (or low space requirements), but this is accompanied by
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an increase in distances. This operation can only be implemented with IT support. If the
storage location can be freely selected, a layout can be created in which the utilisation rate
varies significantly in different areas of the warehouse [8]. According to one study, the
two strategies are almost equally efficient [9]. The Cube Per Order Index (COI) strategy
was developed to enable efficient storage. Its aim is to place products in the warehouse
based on their picking frequency and space requirements, so that fast-moving products
are closer to the picking area, thus saving travel time. However, the method does not
consider multi-command orders, i.e., product—product relationships that arise during an
order, which can significantly impair the performance of the method [10]. The Order
Oriented Slotting (OOS) method was developed to eliminate these errors. It focuses on
which products occur frequently in an order and arranges them in nearby storage locations,
thus reducing the distance travelled during order picking [11].

In addition to layout planning methods, other approaches have also been developed:
the batching method examines how picking processes can be coordinated for small orders,
thereby reducing travel time [12]. Using the zoning method, the warehouse is divided into
different areas, and SKUs belonging to the same product group are stored close to each
other. Compared to the batching method, this procedure does not have a significant impact
on the performance of warehousing systems [13].

Many procedures and methodologies have been developed to improve warehouse
performance efficiency. However, with the spread of artificial intelligence, new and sig-
nificantly more efficient methodologies have been created that offer more comprehensive
solutions that are better adapted to individual needs than general and theoretical proce-
dures, utilising technological advances. Due to growing customer demands and constantly
evolving global competition, one of the most important indicators is the choice of ware-
housing strategy, which is why the dynamic storage location assignment problem (DSLAP)
was defined. Deep Reinforcement Learning (DRL) is used to solve this problem, which
helps to find the optimal storage locations to reduce costs within the warehouse. When
extending this to a real industrial problem, it was found that after two months, warehouse
costs were reduced by 6.3% [14], which is a significant saving, given that the method did
not require any significant investment.

In the field of SCM, the use of artificial intelligence is most prevalent in demand fore-
casting. Based on recent years, numerous ML [15], deep learning [16] and time series [17]
models have been examined for the implementation of forecasting. It has been found that
Al-based forecasting is increasingly replacing traditional statistical models, and companies
are investing more and more in Al technologies to optimise their entire SC [18]. Emerging
research covers various industries, including the automotive industry [19], healthcare [20]
and retail [21].

Several methodologies have been developed to implement order batching. A genetic
algorithm-based metaheuristic approach has been developed to minimize picking distances,
which is both fast and efficient for large warehouses [22]. Genetic algorithms can be
supplemented with weighted association rules, so order batching and thus the avoidance
of delays can also be implemented using a hybrid model [23].

Various formulations have been developed directly for route optimization, in which
the layout and other factors are considered constant, so implementation must be carried out
with the available resources. The preferred solution technique is the “S-shape” heuristic,
as it can be used frequently due to its simplicity [24], while the Largest Gap, Return, and
Composite methods have also become popular [25]. In addition to route determination,
optimization can also be implemented in other ways, as the results of strategic-level
predictive planning based on storage technologies, material handling systems, and picking
strategies can approach the efficiency of general optimization [26].
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In warehousing processes, many sub-processes can be replaced by robotics for au-
tomation purposes. The use of robotics is most often complemented by some form of
Al-based decision-making, for which Reinforcement Learning-based algorithms [27] or
Deep Learning-based methods [28] may be suitable choices for real-time control of robots
to achieve maximum performance.

Based on the above literature review, the spread of artificial intelligence in the field
of SCM is widespread and its popularity is constantly growing. One element of the
SC is warehousing, for which numerous methodologies and algorithms have also been
developed, and case studies confirm the importance of this research topic. The review
of the literature revealed no studies employing regression models for pattern recognition
rather than prediction in the context of SCM; consequently, the research objective can be
regarded as both valid and significant for future applications.

The aim of the research is to employ a less common method rather than general
and well-known optimization techniques for maximizing the material flow of warehouse
performance. The primary goal of ML-based regression methods is prediction, i.e., the
determination of unknown states. In such models, the recognition of relationships between
variables is essential, as these parameters influence the value of the target variable. These
relationships could be expressed and subsequently used to determine the objective function.

The novelty of the approach lies in the application of automated ML techniques for
selecting the most suitable regression model and in the use of interpretable methods, such
as Feature Importance and Partial Dependence Plots, to reveal hidden patterns in ware-
housing processes. Furthermore, it is demonstrated how these insights can be translated
into mathematical functions defining cost-based performance, thereby offering a new
perspective for optimization in industrial practice.

This paper fits within the scope of Future Internet as it demonstrates how ML and
automated modeling can transform warehouse operations into data-driven, networked,
and intelligent systems. By linking logistics optimization with Industry 4.0 and Industry 5.0
concepts, the research contributes to the broader vision of Future Internet, where industrial
processes are increasingly interconnected, adaptive, and sustainable. Thus, the study
aligns with the journal’s focus on advancing digital and internet-based technologies across
different domains.

The remainder of this paper is structured as follows. Section 2 describes the research
methodology, including the applied optimization and ML techniques, as well as the dataset
and modeling procedures. Section 3 presents the results obtained from the AutoML model-
ing, feature interpretation, and optimization modeling. Section 4 discusses the implications,
limitations, and potential industrial relevance of the findings. Finally, Section 5 concludes
the study and outlines directions for future research. Figure 1 shows the graphical ab-
stract of the article. The figure illustrates the main steps of the proposed methodology
for warehouse performance optimization: dataset preparation and preprocessing, Au-
toML model selection (LightGBM), feature interpretation using Feature Importance and
SHAP /PDP analysis, and formulation of cost-based mathematical optimization functions.
The workflow demonstrates how data-driven modeling supports interpretable and efficient
decision-making in Industry 4.0 warehousing.

Dataset AutoML Feature Importance
Model Selection and Mathematical
(LightGBM) Modeling

Optimization
Insights / Cost
Based Performance

N

LA

((

Key outputs: R2=0.994 # interpretable cost-performance functions ¢ data driven optimization

Figure 1. Graphical abstract of the research framework (source: own elaboration).
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By integrating automated modeling and interpretable optimization, this research
advances the development of smart, transparent, and cost-efficient warehouse systems
aligned with the principles of Industry 4.0.

2. Materials and Methods

This section presents the modeling steps of the research. Section 2.1 provides an
overview of optimization methods in logistics, while Section 2.2 reviews the main ML
models applied in this context, thereby placing this work into a broader methodological
framework. Section 2.3 presents the dataset used for the research and its general properties,
focusing on the target variable and the most important parameters. Section 2.4 discusses
the correlations between the indicators, their meaning and possible consequences, and
their potential uses. For effective modeling, the AutoML method is used, the theory and
results of which are explained in Section 2.5. Finally, the model with the best evaluation is
presented in Section 2.6.

2.1. Optimization Methods in Logistics

The subject of logistics process optimisation is broad and offers various methodologies
for solving numerous problems to achieve more efficient, faster and more cost-effective
operations. According to the general approach, various logistics problems can be under-
stood as mathematical optimisation, the simplest case of which is linear programming,
where both the objective function and the constraints are specified in linear form. A more
advanced solution to mathematical optimisation is dynamic programming, which is a
recursive approach, meaning that a problem consists of several decision steps that build on
each other.

The complexity of a logistics problem often exceeds the capabilities of mathematical
modelling. Heuristic algorithms were developed to solve this problem, as they can provide
optimal solutions to more complex, non-linear and multi-variable problems. Metaheuristic
frameworks can be applied to various types of optimisation problems, the best-known
types being genetic algorithms (GA), tabu search, simulated annealing and Ant Colony
Optimisation (ACO) [29].

Simulation modelling in logistics optimisation allows the operation of complex sys-
tems to be tracked and analysed without having to implement various activities. These
procedures are particularly useful as they help to predict different scenarios and the po-
tential risks of events, while risk analysis can be used to determine the optimal operating
conditions. The most widely known simulation methods are discrete event simulation
(DES), which is a time-based method that follows the sequence of events [30], and Monte
Carlo simulation, which is a statistical method that uses random inputs and models using
thousands or millions of different runs [31].

In addition to programming-based optimisation procedures, organisational and logic-
based process development procedures have also been created. The Lean and Six Sigma
methodologies have identified problems that can be observed during operation and ad-
dressed with simple solutions, including loss reduction, quality improvement and standard-
isation [32]. Parallel to the development of digital technologies, modern methodologies
requiring IT support have been developed to facilitate optimisation, resulting in the emer-
gence of Digital Twin technology [33] and IoT integration [34].

Nowadays, the popularity of artificial intelligence and ML-based techniques remains
robust, and their use is becoming increasingly widespread in many industries. The ap-
plication of predictive techniques can be particularly important in logistics processes; for
example, demand forecasting can significantly support warehousing and capacity plan-
ning tasks, as it can prevent excessively high inventory levels or product shortages [35].
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Various object detection solutions can be used to improve warehousing processes, helping
to identify specific products and analyse capacities [36]. In addition to warehousing, these
solutions can also support the optimisation of other processes, such as Reinforcement
Learning methods, which are increasingly used for route planning and optimizing trans-
portation networks [37]. In this research, ML-based regression techniques were used, but
not as the primary goal of use, rather to support an alternative approach.

Effectiveness and novelty comparing of prior approaches to warehouse optimisation
and this research are shown in Table 1.

Table 1. Effectiveness and novelty: comparison of prior approaches to warehouse optimisation and
this research.

Approach

Main Focus

Limitations

Novelty

Layout design & distance
minimisation [14-17]

Reduce travel distances of
material handling equipment

Static, layout-specific,
limited adaptability

Goes beyond static layouts by
extracting dynamic patterns
from data

Slotting strategies (COI,
00S) [18,19]

Product placement based on
frequency or co-occurrence

Limited to order relations,
ignores other factors

Considers multiple parameters
simultaneously via regression

Batching & zoning [20,21]

Coordinating small orders,
grouping SKUs

Limited overall impact
on performance

Broader optimisation
perspective using
data-driven models

Metaheuristics (GA, hybrid
models) [30,31]

Optimising picking and
batching routes

High computational cost,
less interpretable

Our approach emphasizes
interpretability and
cost functions

Routing heuristics (S-shape,
Largest Gap, etc.) [32,33]

Picker route optimisation

Simplistic, not
globally optimal

Proposes mathematical
functions derived from ML
for optimisation

Robotics + AI (RL, DL) [35,36]

Automation and
real-time control

Requires heavy investment,
complex integration

Provides a lightweight,
interpretable alternative
for optimisation

This research

Pattern recognition via
regression models
(AutoML + LightGBM)

Needs validation on real
data, causality not
guaranteed

Transforms regression from
prediction to pattern extraction,
formulating an
optimisation-oriented,

interpretable objective function

2.2. Machine Learning Models

The purpose of ML-based models is to recognise patterns and correlations in the data
sets under examination, which are then used to make predictions, decisions or classifica-
tions. Based on the information collected, they can apply the correlations to new, unknown
cases and make estimates for these situations. ML models can be divided into two main
groups: supervised learning and unsupervised learning.

The most important types of supervised ML are regression models. In this type of
model, the predicted target variable is a numerical value, meaning that the model estimates
a specific numerical value based on the specified independent parameters. The independent
variables can be either numerical or categorical. In the case of categorical variables, they
must be transformed into numerical values using encoding methods. In this research, the
target variable depends on several variable values, so initially it is possible to write the
predictive model as a multivariate linear regression:

y = Bo+Prx1+Paxz+ ...+ Buxu te (1)
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where y is the dependent value, x1, x2, ..., x;; are the independent values, f is the inter-
cept (constant term), B1, Bo, . . ., Bu are the regression coefficients, and ¢ is the error term
or residual.

There are numerous statistical indicators for evaluating regression models, which
examine from different perspectives the quality with which a model can predict unknown
target variables based on the trained data set:

e MAE: Mean Absolute Error
e  MSE: Mean Squared Error
e RZ: Coefficient of Determination

In this research, the regression model is not used for prediction but rather for the ex-
traction of patterns identified during model creation, thereby allowing various correlations
between the target variable and other parameters to be identified. To extract patterns, it is
essential that the evaluation of the model building is positive, i.e., the metrics presented
above show sufficiently good ratios in relation to the predictive power of the model. If this
evaluation is successful, hidden patterns can be extracted from the model (see Figure 2).

Feature 1
Feature 2
Feature 3 ;{ ML Model Prediction
»/ Feature importance
Feature n

Figure 2. Feature importance extraction from ML models (source: own elaboration).

There are several interpretation techniques in ML that help understand the extent to
which different input variables contribute to the value of the target variable. The most
widely known technique is Feature Importance, which examines, specifies and ranks the
importance of variables in a weighted list.

The SHAP (Shapley Addictive exPlanations) method iterates through all predictions
and shows how each variable influences a given prediction. Like the feature importance
method, it displays the independent variables in a ranking. The Partial Dependence Plot
(PDP) shows how the model responds to the prediction when a categorical parameter is
changed. By averaging these evaluations, the average level of change in the target variable
resulting from a change in a parameter can be obtained.

These techniques are used in research to determine which parameters most influence
the target variable, and the results are expressed in a target function that also includes the
degree of influence.

In summary, although several optimization methods have been developed for ware-
house operations, there is still a need for approaches that go beyond pure prediction and
enable the extraction of hidden patterns from operational data. This perspective opens
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up opportunities for constructing optimization-oriented objective functions that are more
closely aligned with real industrial processes. Therefore, the main objective of this research
is to explore the applicability of ML-based regression models for identifying hidden pat-
terns in warehouse performance data and to formulate an optimization-oriented objective
function from the extracted relationships. Beyond demonstrating the predictive capabilities
of the models, the aim is to highlight their interpretative power in supporting data-driven
decision-making in warehouse management.

2.3. Dataset Introduction

In this research, a dataset containing 25,000 warehouse cases after data cleaning
and preprocessing was used. The dataset presents the given warehouse with several
characteristics, including both numerical and categorical variables. Initially, no information
is available about the relationships between the variables. The dataset is freely available for
download and use, ensuring transparency and reproducibility of the research [38].

A total of 20 variables can be identified that may influence the target variable. These
include variables describing location (e.g., type of location, zone, regional zone, etc.), pa-
rameters characterizing various events (e.g., shipping errors, warehousing errors during a
given period), physical characteristics (e.g., geographical, electronic, etc.), and characteris-
tics necessary for warehouse operation (number of employees, number of retailers served,
distances, etc.) (Figure 3).

5000

4000

QW
o
o
o

2000

Weight of delivered products [tons]
5
o
o

A+ A B+ B C Unknown
Electricity certificate

Figure 3. Type of electricity certificate could be important for modelling (source: own elaboration).

The target variable of the model is the weight (in tons) of the products delivered by the
warehouse. This can be considered the most relevant parameter, as the goal in this research
is to model this parameter with the highest possible quality, and then, using this model
and extracting the hidden patterns, determine a possible, optimizable target function.

The main function of the violin plot is to display the information that can be shown by
both the box plot and the histogram (Figure 4). The boxplot shows the general statistical
characteristics (median, quartiles, and outliers), while the histogram shows the distribution
of values. The distribution of the dependent variable values is suitable for building a
ML model.
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0 10,000 20,000 30,000 40,000 50,000 60,000
Quantity of product delivered

Figure 4. Violinplot of dependent variable (source: own elaboration).

2.4. Exploratory Data Analysis

When recognizing data sets, it is crucial to identify the relationships between variables.
Correlation analysis is a suitable choice for this purpose, as it is a statistical indicator that
describes the linear relationship between variables on a scale of [—1, 1]. This is a good starting
point, but the relationship between variables is not necessarily linear, and the analysis can
only compare numerical variables; other methods can be used to analyze categorical variables.

Figure 5 shows the correlations between the different variables. The focus is placed on
the target variable, the “product_wg_ton” parameter. The target variable has the highest cor-
relation value with another variable. The “storage_issue_reported_13m” variable shows how
many storage errors the given warehouse has reported in the last 3 months. The correlation is
close to the maximum, which indicates a very high linear relationship. This relationship is
also clearly visible in Figure 6. However, it is important to note that this indicator is not an
influencing factor, i.e., increasing errors does not lead to an increase in warehouse performance,
but is a consequence, as higher warehouse performance is associated with more operational
errors. This observation also applies to the “wh_breakdown_I3m” parameter.

- 06
flood_impacted

flood_proof
electric_supply -04
dist_from_hub
workers_num

storage_issue_reported_I3m -SeLlorA 8

temp_reg_mach - 0.261

wh_breakdown_3m
govt_check_I3m ﬁ X i X A A
oS ﬂ 70'002 M - >

=

S

=

13

g

2

o

£

k)

pply

q_I3m
pacted
product_wg_ton E!
53

r_in_mkt
p_num

ported_I3m

t_check_I3m

workers_num

dist_from_hub

distributor_num

retail_sho
flood_im)
electric_sul
gov!

wh_breakdown_I3m

num_refill_re
transport_issue_l1y
Competito

e_issue_re|

storag

Figure 5. Correlation Matrix (source: own elaboration).
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20,000 "II

10,000

Quantity of delivered products
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a»
o
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5 10 15 20 25 30 35 40
Storage issues reported (last 3 months)

Figure 6. Correlation between dependent variable and storage issues (source: own elaboration).

The goal of this research is to identify the parameters that influence and affect the
target variable. This characteristic cannot be determined from correlation indicators; the
determination and interpretation of relevant factors require the application of domain-
specific knowledge in logistics.

2.5. Applying of Automated Machine Learning

Preparing and training machine learning models is very time-consuming, and each
model must be trained separately. Automated Machine Learning (AutoML) began to
spread in the 2010s. It is a concept that automates ML processes, thereby reducing the time
required and the amount of human intervention in building systems [39]:

e  The process starts with data preparation, which includes data collection, data cleaning,
and data augmentation.

e  Next comes feature engineering, where raw data is transformed into useful features.
This involves feature selection, feature extraction, and feature construction. The
outcome is the set of features used by the models.

e Inmodel generation, the search space is defined: it can involve traditional models (e.g.,
SVM, KNN) or deep neural networks (e.g., CNN, RNN). Performance is improved
through optimization methods such as hyperparameter optimization and architecture
optimization. The process can also include Neural Architecture Search (NAS).

e  Finally, in model estimation, efficient evaluation methods are applied to save com-
putational resources: low-fidelity estimation, early stopping, surrogate models,
and weight-sharing.

AutoML may be a suitable choice, as the goal is to select the best method for subse-
quent optimization. After evaluating the models, there are numerous opportunities for
further development to improve model building, but the results offered by the AutoML
methodology are already a suitable choice for filtering out correlations. The PyCaret open-
source library is used for the application, as despite its low-code nature, it allows the
automation of the ML processes required for this research.

The authors have chosen PyCaret because it provides a unified and low-code frame-
work for rapid prototyping, model comparison, and reproducible experimentation. While
more specialized libraries may exist, PyCaret integrates multiple algorithms and prepro-
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cessing steps under a single, standardized. This not only accelerates the experimental
cycle but also minimizes the implementation overhead, allowing researchers to focus on
the scientific problem rather than technical details. Furthermore, prior familiarity with
PyCaret ensured an efficient workflow, reducing the cognitive and time costs associated
with learning a new framework. In this context, the choice of PyCaret is scientifically
justified by the trade-off between ease of use, reproducibility, and research efficiency.

Based on Table 2, it can be observed during the evaluation that an AutoML model
examines several ML models and provides feedback based on various metrics. In the
case of models built on the data set, the Light Gradient Boosting Machine (LightGBM)
model provides the best evaluation according to all indicators, so this model will be used
for this research.

Table 2. Evaluation of AutoML model (source: Python 3.12.11).

Model MAE MSE RMSE R2 RMSLE MAPE

lightgbm B(Eéfﬂ;gﬁifhﬁe 678.8557  839,779.1779  916.0946  0.9938 0.0801 0.0438
gbr Gradient Boosting Regressor 695.8355 869,759.6419  932.2677 0.9935 0.0837 0.0456
rf Random Forest Regressor 712.245 934,943.3382 966.6337 0.9931 0.0834 0.0459
xgboost Extreme Gradient Boosting 713.7591 937,255.2687 967.598 0.993 0.0876 0.0469
et Extra Trees Regressor 730.8405 1,013,394.922  1006.1808 0.9925 0.0859 0.0469
ridge Ridge Regression 884.6469 1,309,630.251  1144.0836 0.9903 0.1092 0.0611
llar Lasso Least Angle Regression 883.8248 1,309,304.182  1143.9377 0.9903 0.1087 0.0609
br Bayesian Ridge 884.6194 1,309,632.473  1144.0844 0.9903 0.1091 0.0611
lasso Lasso Regression 884.0397 1,309,316.367  1143.9438 0.9903 0.1089 0.061
Ir Linear Regression 884.7628 1,309,630.904  1144.0847 0.9903 0.1093 0.0612

dt Decision Tree Regressor 882.6388 1,773,604.005 1331.0611 0.9868 0.1127 0.056

en Elastic Net 1152.8724 2,577,668.8 1604.7077 0.9809 0.2473 0.0773
ada AdaBoost Regressor 1413.0806 3,132,509.587  1769.5949 0.9768 0.1617 0.1072
huber Huber Regressor 1264.9622 3,142,596.727  1767.4949 0.9767 0.4595 0.0853
omp Orthogonal Matching Pursuit 1353.6249 3,421,633.209  1849.2622 0.9746 0.3484 0.0895
par Passive Aggressive Regressor 1587.6008 4,461,971.235 2078.8567 0.9668 0.3997 0.1086
knn K Neighbors Regressor 6103.7732 60,215,414.01  7759.333 0.5534 0.4724 0.459
dummy Dummy Regressor 9576.893 134,923,670.3  11,615.2979 —0.0008 0.6743 0.7883
lar Least Angle Regression 91,640.5912 1.116 x 1015 133,455.673 —860.208 0.8561 6.2092

2.6. LightGBM Model

Gradient Boosting Machine is an ensemble learning technique that typically trains
decision trees iteratively, with each new model correcting the errors of the previous ones.
The algorithm optimizes predictions by moving in the direction of the gradient of the loss
function [40].

In recent years, several improved versions of the GBM algorithm have appeared, the
most popular being CatBoost, XGBoost, and LightGBM. The latter model was published by
Microsoft Research Asia in 2017. Its goal is to be faster and more efficient than previous
GBM implementations, especially with large data sets and high dimensions. Figure 7 shows
that the traditional GBM algorithm builds the decision tree level by level, expanding all
leaves at each level before moving on to the next level. In contrast, the LightGBM algorithm
uses leaf-level growth, meaning that it always expands the leaf that results in the greatest
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error reduction [41]. Furthermore, decision trees are also capable of predicting numerical
values, so these models can be used to solve regression problems [42].

Figure 7. Comparison of level-wise tree growth (a) and leaf-wise tree growth (b).

For later use, the model was generated using the LightGBM library, where an exception-
ally high R? value of 0.994 was also obtained, corresponding to the result shown in Table 1.

3. Results

The following chapter presents the main question examined by the research, namely
the potential uses of ML methods for logistics performance optimisation. Section 3.1 exam-
ines the results of the feature importance and SHAP methods, highlighting the parameters
found to be most important. These indicators are examined in Section 3.2, which uses the
PDP methodology to examine the consequences of changing a given variable. The resulting
methodology is presented in Section 3.3 through mathematical modelling.

3.1. Feature Importance

The objective of this research is for hidden relationships to be extracted from the
constructed model and used to develop an optimisation model. To achieve this, a number
of methods have been developed and are incorporated in order to explore the widest
possible range of relationships.

The most common method for achieving this is feature selection, which is generally
a data preparation step in ML modelling, as it helps to select the most relevant variables
when building a model. As a result, overfitting can be reduced, as less but more relevant
data helps to generalise. In addition, it speeds up implementation time, improves model
performance, and makes the model easier to interpret thanks to fewer variables. There are
several methods for implementing this:

e  Filter Method: features are selected not based on model performance, but on some
statistical or information-theoretic measure (correlation, mutual information, chi-
squared test, ANOVA).

e  Wrapped Method: a learning algorithm is wrapped into the feature selection process,
which is evaluated based on various metrics, and the method selects the best method.

e  Hybrid Method: a combination of filter and wrapped methods for feature selection on
large data sets [43].
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We chose the embedded method for the application, as the feature selection performed
during training can be efficiently queried using the model library. Figure 8 shows the most
influential variables. The most important parameter is the number of reported storage
errors, but as Section 2.4 shows, this is a general consequence of high storage performance
rather than an influencing factor that may be important in optimising mathematical mod-
elling. However, several other parameters can be shown to be important, which may
indeed be influencing factors: the number of transport errors, the number of retailers and
employees, distance values, and encoded energy certificates may also influence storage
performance. The following section discusses these parameters.

Feature Importance

storage_issue_reported_I3m
retail_shop_num

dist_from_hub
transport_issue_I1y
approved_wh_govt_certificate_B+
approved_wh_govt_certificate_B
distributor_num

temp_reg_mach

workers_num

govt_check_I3m
num_refill_req_I3m
wh_breakdown_I3m
approved_wh_govt_certificate_A
Competitor_in_mkt
approved_wh_govt_certificate_A+
approved_wh_govt_certificate_C
wh_owner_type_Company Owned
electric_supply

zone_South

flood_impacted
WH_capacity_size_Large
zone_North
WH_capacity_size_Mid
Location_type_Rural

zone_West
WH_regional_zone_Zone 5
WH_regional_zone_Zone 3
WH_regional_zone_Zone 4
flood_proof
WH_regional_zone_Zone 6
WH_capacity_size_Small
WH_regional_zone_Zone 1
WH_regional_zone_Zone 2
zone_East
wh_owner_type_Rented
Location_type_Urban
approved_wh_govt_certificate_Unknown

0 100 200 300 400 500 600 700 800
Importance

Figure 8. Feature importance based on embedding method (source: Python 3.12.11).

Another approach to extracting the importance of variables is the SHAP method,
which is widely used in the interpretation of ML models, especially in the case of neural
networks and GBM-based methods. The method is based on Shapley values, which are
derived from game theory: the model’s prediction is treated as a “payoft” and the values
are distributed among the parameters according to their influence. Thus, the summary plot
shows all predictions, so each variable has a one-dimensional scatter plot. Its position on
the x-axis shows how much the given parameter increases or decreases the prediction in
the given observation. The colour of the point shows its characteristic value, which helps
to understand which characteristic values cause positive or negative SHAP values [44].
Based on visual inspection, it can be concluded that although there are differences between
the SHAP and feature importance methods, a good conclusion can be drawn about the
influencing parameters in terms of pseudo-probability. Reasons why reliable conclusions
can be drawn despite differences between SHAP and feature importance:

e  Both methods consistently highlight overlapping key features.

e  SHAP explains local, instance-level effects, while feature importance captures global
trends.

e Normalization and averaging increase stability of results.

e Using two independent techniques reduces bias of a single method.
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e Differences reflect complementary perspectives rather than contradictions.

e  Cross-validation of results strengthens interpretability and trustworthiness.

e Robustness is enhanced because similar influential parameters appear under
different assumptions.

Both methods are widely validated in ML literature for feature interpretability. After
calculating the values of the two models (Figure 9), the parameter values were normalized
using the MinMaxScaler method, then averaged the results of the methods, based on which
the following parameters can be considered significant influencing factors:

transport issue l1y;
certificate;

retail shop num;
dist from hub;
distributor num;
temp reg mch;

workers num.
High
storage_issue_reported_I3m mu “n.—-—-—-

approved_wh_govt_certificate_ B+
approved_wh_govt_certificate_B
transport_issue_I1ly
temp_reg_mach
approved_wh_govt_certificate_A
approved_wh_govt_certificate_A+
num_refill_req_I3m
approved_wh_govt_certificate C
wh_breakdown_I3m

distributor_num

Feature value

retail_shop_num

govt_check I3m

dist_from_hub

workers_num

zone_South

Competitor_in_mkt
flood_impacted
wh_owner_type_Company Owned

electric_supply

T T T T T T Low
-20,000 -10,000 0 10,000 20,000 30,000

SHAP value (impact on model output)

Figure 9. SHAP summary plot (source: Python 3.12.11).
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3.2. Parameter Value Changes

The value of a target variable depends on various parameters, but it is possible to check
what effect a given variable has on the value of the target variable. PDP is a visualisation
technique that helps to understand how one or two input variables affect the predictions
of a ML model on average, filtering out the effects of all other variables. The procedure
helps to interpret models, supports the exploration of nonlinear relationships and the
examination of feature importance.

During the research, various parameters are examined and analysed, and the level of
warehouse performance achievable by changing their values is determined. The aim of the
analysis is the exploration of possibilities that can be extended to real industrial problems
if the costs of changing the parameters are also available. The LightGBM model was also
used to create the figures.

First of all, the delivery errors that occurred in the past year are examined. In the
dataset, a maximum of 5 delivery errors were recorded for a single warehouse. If all errors
are reduced to zero, a 1% improvement in performance is shown by the model. However, if
the number of delivery errors is reduced by only one, a 0.5% improvement can be achieved.
The latter scenario is considered much more feasible, as avoiding all delivery errors requires
significant investment; therefore, it is not reasonable to reduce them to zero, but avoiding
a single error is realistic, and the 0.5% increase may be worthwhile. Figure 10 shows the
extent of performance improvement according to the predictive model for the amount of
error reduction at a given warehouse (the value ‘1’ indicates that every storage error with a
value of at least 1 is reduced by 1, while smaller values are set to 0).

1.010

1.008

1.006

1.004

Performance growth rate

1.002

1.000

1 2 3 4 5
Quantity of transport issue’s reduction

Figure 10. Transport issue reduction (source: Python 3.12.11).

Warehouse performance is related to the number of warehouse workers. However, it is
also important to examine the cost of increasing the number of workers and how this relates
to the surplus resulting from the increase in performance. This can be calculated precisely in
the given industrial case; the research examines the determination of surplus performance
using the PDP method. Figure 11 shows the rate of increase in warehouse performance
if the number of employees is increased by a given multiplier. It can be concluded that
doubling the number of employees would increase performance by 0.1%. Even in the
absence of any other information, this cannot be considered a significant increase, but
the method can be validated because feedback is obtained from a reliable model without
considering the added value of the other parameters.
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Multiplicity factor

Figure 11. Workers number increasing (source: Python 3.12.11).

For some variables, reducing the parameter can increase performance, such as in the
case of distance from the production unit. Figure 12 shows that if the distance between
the warehouse and the production unit is reduced by a certain proportion, a minimal
increase in the efficiency of warehousing activities can be observed, the extent of which is
indicated by the ML model. This assumption is confirmed by several studies, which show
that intelligent layout and automation can reduce travel time, resulting in faster execution
and service [45].

1.0014

1.0012

1.0010

1.0008

1.0006

Performance growth rate

1.0004

1.0002

1.0000
1.0 0.8 0.6 0.4 0.2 0.0

Multiplicity factor

Figure 12. Decreasing distance between warehouse and production (source: Python 3.12.11).

The Partial Dependence Plot was originally developed for changing numerical values,
but similar methods can also be used to analyze changes in categorical values. In this
example, the energy certificate is examined, as warehouse performance was revealed by
feature importance to be influenced by it. Today’s modern and automated warehouses (e.g.,
AGVs, robots, RFID systems) require a large amount of continuous and reliable energy
supply, making the quality of the energy infrastructure (e.g., substations, charging stations,
energy management systems) is a critical factor for smooth operation and has a direct
impact on productivity, maintenance costs, and the availability of automated systems [46].
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Figure 13 shows that if a given warehouse can increase from energy level “B” or “B+” to
level “A” or “A+”, an efficiency increase of 9-10% can be achieved, which is by far the
highest increase among the parameters examined.
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©
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New Certificate

Figure 13. Matrix of the effects of energy certificate modifications (source: Python 3.12.11).

3.3. Mathematical Modelling

Mathematical modeling is a method by which a part of reality is described in abstract
form using mathematical tools. During modeling, the essential characteristics of the
phenomenon or system under investigation are highlighted and represented using variables,
parameters, and equations.

In this research, the objective function is defined to include the parameters of transport
errors presented in Section 3.2, the number of employees, the distance from the production
unit, and the energy certification. Mathematical tools are applied to show the extent and
trends of the changes. In addition to the maximization of performance, the costs associated
with the activities must also be considered, as changing any parameter incurs a specific cost;
therefore, the optimization objective function is determined according to the cost parameter.

The function describing the reduction in shipping errors refers to a saturating but
increasing type of function, where the rate of performance growth decreases as more
shipping problems are successfully reduced:

P (Xl) =ay- (1 — E_blxl) )

where x; is the amount of reduction in transportation problems, P; is the performance
increase, a1 is the maximum growth, and b; is the growth rate.

For the final objective function, it is necessary to determine the cost function Cy(x1),
but its trend and extent depend on the specific industrial problem, so this will not be
discussed in detail in the present study. The objective function for the total parameter is
as follows:

Z1(x1) = Wy-Pr(xq1) — C(x1) 3)

where W is the weight parameter, which expresses the cost of performance increase, and
C; is the cost function of change.



Future Internet 2025, 17, 468

18 of 23

The function describing the number of employees is identical to the function describing
the reduction in delivery errors, as this function is also saturating and increasing, tending
towards a maximum value, so its mathematical description is also identical:

Pz(Xz) = dy- (1 — €7b2x2> 4)

Zz(Xz) = Wz'Pz(XZ) — C(XZ), (5)

where x; is the number of employees, P; is the performance increase, a; is the maximum
growth, b, is the growth rate, W, is the weight parameter, which expresses the cost of
performance increase, and C; is the cost function of change.

The distance between the storage unit and the production can also be described by a
saturation function, but in reverse, as the distance decreases when performance increases:

P3(X3) = as- (1 — €_b3(1_x3)) (6)

Z5(x3) = W3-P3(x3) — C(x3), )

where x3 is the distance between storage unit and the production, P; is the performance

increase, a3 is the maximum growth, b3 is the growth rate, Wj is the weight parameter,

which expresses the cost of performance increase, and Cz is the cost function of change.
In the case of changes to the energy certificate, the increase in performance can also be

written as follows:
1.0932if x4: B— A

1.0937 if Xq: Bt — A
1.0947 if x4: B — AT
1.0951 if x4 : BT — AT
Zy(x4) = Wy-Py(x4) — C(xa), )

where x4 is the energy certificate changes, Py is the performance increase, Wy is the weight

Py(x4) = (8)

parameter, which expresses the cost of performance increase, and Cy is the cost function
of change.

The total objective function of the modeling is the sum of the components presented
above. This objective function must be maximized to achieve the optimum, as the compo-
nents were explained based on the cost increase resulting from the performance increase,
and this increase must be maximized:

Z=7Z1+2Zy+ 723+ Z4y — max. (10)

4. Discussion

In recent years, Al- and ML-based solutions have become increasingly popular across
a range of industries. The field of logistics process optimization is broad, encompassing
numerous industrial problems, and several methodologies have been developed to address
them in recent decades [47,48]. Keeping pace with modern technologies, it is essential to
integrate the possibilities of ML into logistics optimization.

The use of future Internet technologies, including advanced telecommunications and
Internet-based solutions, represents a promising direction for improving warehousing and
SC performance. These technologies enable real-time data exchange, predictive analyt-
ics, and intelligent automation, which can significantly improve the responsiveness and
coordination of logistics networks. By proactively integrating these digital innovations
into their warehousing activities, manufacturing companies can achieve new levels of
efficiency, transparency, and scalability. This strategic alignment with emerging internet
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paradigms not only supports operational optimization, but also long-term competitiveness
in increasingly digitized markets and logistics [49-51].

Predictive data models are used to determine future values, as knowing these future
indicators can make the planning and implementation of many logistics processes more
efficient. However, these models have many other useful features that can be used for
various activities. During model training, several methods (Feature Importance, SHAP,
PDP) can provide feedback on how a given parameter influences the value of the target
variable. Using these reports, information can be obtained about the dataset and the
possibilities for influencing the target variable.

The maximization of warehouse performance is regarded as a key factor for man-
ufacturing companies and the entire SC, as non-value-adding processes are known to
significantly affect the quality of logistics processes. In this research, a fictional dataset was
used to examine the applicability of ML models for optimization. The AutoML procedure
was applied to select the regression method, through which the model best suited to the
problem at hand was determined. The best results were obtained with the LightGBM
procedure, which, with an R? value of 0.994, was found to be sufficiently reliable for
feature selection.

The results of the research show that the Feature Importance methods of ML models
can be applied with sufficient quality to understand the dataset and to determine the
factors influencing the target variable. In many industrial cases, detailed information
about material flow factors is not available, as these patterns are often non-trivial. The
recognition of such patterns can provide several new opportunities for optimizing storage
performance and improving efficiency. The Partial Dependence Plot method was used
to test how changes in a given parameter affect the value of the target variable, and the
diagrams created clearly show the extent of influence. Finally, mathematical modeling was
employed to explain the functions describing the influencing parameters, whose curves
(e.g., linear, exponential, logarithmic, etc.) were identified using the PDP method. Storage
performance was defined as a cost indicator, since changes in logistics processes are costly,
and the final optimal result is always determined according to cost.

Beyond the methodological results, it is important to situate the presented findings in
the context of previous research on warehouse optimization. While most existing studies
emphasize heuristic and metaheuristic approaches such as order-picking optimization, lay-
out design, or reinforcement learning for dynamic slotting, the proposed regression-based
approach demonstrates that interpretable ML methods can also provide valuable insights
for decision support. The integration of Feature Importance and Partial Dependence Plots
makes it possible not only to identify key influencing parameters but also to understand the
direction and magnitude of their impact, which enhances managerial decision-making. In
this sense, the described research complements existing optimization techniques by provid-
ing an alternative perspective that is strongly aligned with Industry 4.0 goals of data-driven
operations and the Industry 5.0 focus on human-centric and sustainable solutions.

As a further improvement opportunity, it should be noted that testing the theoretical
procedure in a real industrial environment may be crucial. It can be examined what hidden
parameters the Feature Importance procedures reveal and what added value they have
in actual practical optimization. In addition to maximizing storage performance, it is
possible to examine the cost of changing each parameter, thus verifying the possibilities for
cost-based optimization.

Despite the promising results, this study has several limitations that should be ac-
knowledged. The analysis was conducted using a fictional and cleaned dataset rather than
real industrial data, which limits the external validity and generalizability of the results.
Only a subset of potentially relevant warehouse parameters was included; factors such as
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real-time environmental conditions, human behavior, and SC disruptions were not modeled.
The cost functions integrated into the optimization framework were conceptual rather than
empirically derived, so the financial realism of the model remains to be validated. The Au-
toML process and LightGBM model selection were performed on a static dataset, dynamic
or time-series effects were not considered, which may influence warehouse performance
in practice. The study did not compare the regression-based optimization framework
against other Al-driven or heuristic methods (e.g., DRL, metaheuristics) in a benchmarked
environment. These limitations indicate that while the framework is theoretically robust,
future research should include validation on real datasets, integration of temporal and
stochastic factors, and cross-method comparison to ensure industrial applicability.

5. Conclusions

This research demonstrated that machine learning-based regression models (partic-
ularly the Light Gradient Boosting Machine (LightGBM) algorithm identified through
AutoML) can effectively uncover hidden performance patterns in warehouse operations.
The combined use of Feature Importance and Partial Dependence Plot (PDP) analyses
enabled the detection of the most influential parameters and the visualization of their
effects on the target variable. By translating these insights into mathematical relationships,
the study introduced a novel, data-driven approach for constructing optimization-oriented
objective functions. This framework enhances both predictive accuracy and interpretability,
offering a transparent, cost-based perspective that supports more efficient and informed
decision-making in warehouse management.

Despite these promising results, several limitations must be acknowledged. The analy-
sis focused on a limited range of parameters, whereas real-world warehouse performance
is likely affected by a broader set of operational, environmental, and human factors. In
addition, the cost functions were defined conceptually rather than empirically, which may
constrain the immediate industrial applicability of the proposed optimization model.

Future research should address these limitations by validating the methodology with
real industrial datasets and extending the scope of influencing variables. Particular at-
tention should be given to quantifying cost structures and embedding them into the
optimization process to ensure practical relevance. Moreover, integrating regression-based
interpretability with reinforcement learning or simulation-based methods could open new
directions for adaptive, real-time warehouse optimization. Finally, cross-industry compara-
tive studies are recommended to evaluate the robustness, scalability, and generalizability
of the proposed framework under diverse operational conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

ACO Ant Colony Optimization

AGV Automated Guided Vehicle

Al Artificial Intelligence

ANOVA  Analysis of Variance

API Application Programming Interface
AutoML  Automated Machine Learning
COI Cube Per Order Index

DES Discrete Event Simulation

DRL Deep Reinforcement Learning
DSLAP  Dynamic Storage Location Assignment Problem
GA Genetic Algorithms

GBM Gradient Boosting Machine

IoT Internet of Things

IT Information Technology

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
ML Machine Learning

MSE Mean Squared Error

0O0Ss Order Oriented Slotting

PDP Partial Dependence Plot

RFID Radio Frequency Identification

RMSE Root Mean Squared Error
RMSLE  Root Mean Squared Logarithmic Error

SC Supply Chain
SHAP SHapley Additive exPlanations
SKU Stock Keeping Unit
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