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Abstract: Industry 4.0 concepts and technologies ensure the ongoing development of micro- and
macro-economic entities by focusing on the principles of interconnectivity, digitalization, and
automation. In this context, artificial intelligence is seen as one of the major enablers for Smart
Logistics and Smart Production initiatives. This paper systematically analyzes the scientific
literature on artificial intelligence, machine learning, and deep learning in the context of Smart
Logistics management in industrial enterprises. Furthermore, based on the results of the systematic
literature review, the authors present a conceptual framework, which provides fruitful implications
based on recent research findings and insights to be used for directing and starting future research
initiatives in the field of artificial intelligence (AI), machine learning (ML), and deep learning (DL)
in Smart Logistics.
Keywords: industry 4.0; artificial intelligence; machine learning; deep learning; smart logistics;
logistics 4.0

1. Introduction
The fourth industrial revolution (Industry 4.0) comprises a set of concepts and technologies that
should be used to strengthen the competitiveness of industrial enterprises by referring to the concepts
of interconnectivity, digitalization, and automation [1–4]. In this context, Smart Logistics aims at the
successful implementation of intelligent and lean supply chains based on agile and cooperative
networks and interlinked organizations. Furthermore, information exchange is established through
the usage of modern information and communication technologies (ICT), data networks, actors and
sensors, and automatic identification and material tracking technologies. Moreover, automated
transport, transition, and storage systems, supported by autonomous transport vehicles, should
enable a partial and/or complete self-control of systems [2,4–6].
Furthermore, Smart Logistics can be implemented by using the technological concepts of cyberphysical systems (CPS), the internet of things (IoT), respectively as the industrial internet of things
(IIoT), and the physical internet (PI) [2]. Besides the implementation of the technological concepts,
the application of artificial intelligence, machine learning, and deep learning concepts can be
considered as one of the most important success factors within the process of the digital
transformation [7].
In this context, artificial intelligence (AI) can be defined as the science and engineering of
intelligent machines with a special focus on intelligent computer programs [8]. Machine learning (ML)
is considered as an integral part of AI, which refers to the automated detection of meaningful patterns
in datasets. ML tools aim to increase the efficiency of algorithms by ensuring the ability to learn and
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adapt based on big-data analytics [9]. Moreover, deep learning (DL), is defined as a sub-class of ML
within the AI-technologies that explores many layers of non-linear information processing for
supervised and/or unsupervised features extraction and transformation, and for pattern analyses and
classification [10,11].
In recent years, AI, ML, and DL have gained increasing relevance in a multitude of research
fields such as engineering, medicine, economics, and business management as well as in marketing
[12–15]. However, to the best of our knowledge, a holistic study on the usage of AI, ML, and DL in
the context of Smart Logistics in industrial enterprises is currently missing in the scientific literature.
Therefore, the authors conduct a systematic literature review on AI, ML, and DL technologies in the
timeframe from 2014 to 2019. The identified studies can be used to provide an overview of research
on these emerging topics that can be used as a starting point for further studies in the area of Smart
Logistics later on.
This paper is structured as follows. Section 2 describes the selected research methodology and
methods of this study as well as the detailed process steps of the systematic literature review. Section
3 presents a descriptive analysis and the content analysis of the identified studies. Section 4
introduces the conceptual framework of AI, ML, and DL approaches in the research area of Smart
Logistics in industrial enterprises. Section 5 contains a discussion of the research findings. Section 6
summarizes the implications for both future research initiatives and practical applications, and the
limitations of this research study. The final Section 7 briefly concludes by reflecting on the main
contributions of this paper.
2. Research Methodology and Methods
In this paper, the authors conduct a systematic literature review (SLR) for the secondary-databased evaluation of recent research studies regarding the application of AI, ML, and DL approaches
in the research area of Smart Logistics in industrial enterprises.
By including the sequential identification, screening, clustering, and evaluation of researchrelevant studies in research-related areas, the SLR approach was selected because of its systematic,
method driven, and replicable approach [16–18]. Especially for the generation and assessment of new
knowledge, the SLR process is considered as a valuable instrument that minimizes various judgment
biases by systematically evaluating relevant findings from recent research studies [19–21].
In this context, research offers a multitude of guidelines for SLR, which should be used to ensure
high quality in empirical research [16,22–24]. In this study, the authors focus on the SLR guidelines
as suggested by Denyer et al. [23] and Hokka et al. [16], which generally can be divided into the
following four steps:





Step 1: Definition of the research objective(s);
Step 2: Framing of the research subject (conceptual boundaries);
Step 3: Data collection by using inclusion/exclusion criteria;
Step 4: Validation of the research results.

2.1. Research Objectives
This paper aims to systematically evaluate possible future directions for AI, ML, and DL in Smart
Logistics by analyzing the current knowledge and the state of the research regarding AI, ML, and
DL-related topics with a special emphasis on recent developments in industrial research. In particular,
the authors want to understand how this research topic evolved during the last years. Moreover, the
evaluation results will be used for the identification of key activities for further research as well as
practical applications.
2.2. Framing of the Research Subject
This research focuses on the systematic evaluation of artificial intelligence, machine learning,
and deep learning approaches for Smart Logistics in industrial enterprises. Therefore, the research
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subject, i.e., the conceptual boundaries, was defined based on the term “artificial intelligence” and
the related terms “machine learning” and “deep learning” in the industrial environment.
2.3. Data Collection by Using a Set of Inclusion and Exclusion Criteria
The SLR further requires a definition of search criteria, databases, search terms, and publication
period. In this study, the authors have used Scopus as the main source for the keyword search,
because it was identified as the most relevant database for scientific publications in the areas of
engineering and management science. An additional review of similar databases (Web of Science,
Science Direct, and Emerald) did not lead to significant differences in the resulting research studies.
Therefore, the authors have decided to use Scopus as the main database for the evaluation of
secondary data in the course of this research study.
The following Figure 1 shows the structured research process [16,23] and the pre-defined
inclusion and exclusion criteria, which are based on our overall meta-search query.

Step 1: Identification of relevant studies for AI, ML, DL in the subject areas engineering
and business, management and accounting in English: Article title and abstract screening –52,546 records

Step 2: Further limitation to the areas of Smart Logistics, Smart Production, Smart Transportation, Smart Collaborative
Networks, Smart Transformation, or Industry 4.0: Article title and abstract screening –351 records

Step 3: Further limitation to conference papers, conference reviews, article conference papers, conference reviews, articles,
or reviews: Article title and abstract screening –195 records

Step 4: Subsequent full text analysis based on inclusion/exclusion criteria by the research team:
Full text screening of all articles

Figure 1. Process steps of the systematic literature review.

In the first step, the authors identified the relevant literature for AI, ML, and DL in the subject
areas of engineering and business, management and accounting by screening the article title, abstract,
and keywords. In this step, the authors included all kinds of document types and restricted them to
the language English. This first approach was primarily used to get a first impression of the current
state of research. Therefore, the authors limited the timeframe of the research studies to the period
from 1 January 2014 to 1 January 2019. In general, this process resulted in 52,546 identified studies.
In the second step, the authors additionally focused on studies that are related to the areas of
Smart Logistics, Smart Production, Smart Transportation, Smart Collaborative Networks, Smart
Transformation, or Industry 4.0. Therefore, we limited the previously identified 52,546 papers to the
terms Smart Logistics, Smart Production, Smart Transportation, Smart Collaborative Networks,
Smart Transformation, or Industry 4.0, which resulted in a total of 351 identified papers. Moreover,
the authors have computed a ranking of all identified keywords, which was used to validate the
meta-search query for the ongoing database research. No significant keywords were missing in our
research strategy.
In the third step, the research was limited to conference papers, conference reviews, articles, or
reviews to consider only high-quality studies. In sum, the final meta-search query was formulated as
follows: (TITLE-ABS-KEY (“artificial intelligence” OR “machine learning” OR “deep learning”) AND
TITLE-ABS-KEY (“smart logistics” OR “smart production” OR “smart transportation” OR “smart
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collaborative networks” OR “smart transformation” OR “industry 4.0”)) AND (LIMIT-TO
(DOCTYPE, “cp”) OR LIMIT-TO (DOCTYPE, “ar”) OR LIMIT-TO (DOCTYPE, “cr”) OR LIMIT-TO
(DOCTYPE, “re”)) AND (LIMIT-TO (SUBJAREA, “ENGI”) OR LIMIT-TO (SUBJAREA, “BUSI”))
AND (LIMIT-TO (PUBYEAR, 2019) OR LIMIT-TO (PUBYEAR, 2018) OR LIMIT-TO (PUBYEAR, 2017)
OR LIMIT-TO (PUBYEAR, 2016) OR LIMIT-TO (PUBYEAR, 2015) OR LIMIT-TO (PUBYEAR, 2014))
AND (LIMIT-TO (LANGUAGE, “English”)).
The following Table 1 displays the characteristics of the search string.
Table 1. Characteristics of the search string.

Keywords (1)
Artificial Intelligence
Machine Learning
Deep Learning
------1

Keywords (2)
Smart Logistics
Smart Production
Smart Transportation
Smart Collaborative
Networks
Smart Transformation
Industry 4.0

Language
--English
---------

Timeframe
--2014–2019
-----

Paper Type1
CP or CR
AR
RE
---

-----

-----

Conference Proceedings (CP), Conference Reviews (CR), Articles (AR), Reviews (RE).

As a result, the authors have identified 195 papers as the basis for the further research process.
2.4. Validation of the Research Results
Based on the quality criteria of empirical research (validity, reliability, objectivity, and
generalizability) the authors emphasize that the identification process is one of the most crucial
elements within the SLR [17]. Therefore, we ensured the quality of the research results by coding the
identified studies with the score “1” (high appropriateness), the score “2” (medium appropriateness),
or the score “3” (low appropriateness).
The screening was carried out in two steps by three independent Postdoc-researchers. In the first
step, the screening focused only on the title and abstract of the studies. In the second step, the full
text of the study was completely evaluated by the research team. Moreover, the reliability was
calculated by evaluating significant differences in the scorings. Papers without significant differences
were directly included or excluded in/from the research process. Papers with significant differences
were reevaluated by the research team to get unambiguous research results.
By reviewing the title and abstract of the 195 papers, we identified 103 relevant papers for the
area of Smart Logistics and 148 for the area Smart Production. In the area of Smart Logistics, out of
the 103 studies, 33 were assigned as having high appropriateness, whereas in the area of Smart
Production, 44 were assigned as having high appropriateness for this research study and the
subsequent secondary data analyses. Table 2 displays the total results of the SLR.
In this paper, we aim to analyze the current state-of-the-art regarding the use of artificial
intelligence, machine learning, and deep learning in logistics. Therefore, we consider in the following
sections only the papers identified for Smart Logistics.
Table 2. Total research results of the systematic literature review (SLR).

No./Appropriateness
Total studies
High appropriateness
Medium appropriateness
Low appropriateness

Smart Logistics
103
33
52
18

Smart Production
148
44
46
18
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3. Results
In this section, the authors analyze the descriptive findings of the SLR. Moreover, the full texts
of the identified papers will be discussed in the content analysis section.
3.1. Descriptive Analysis
Based on the previously identified total number of 52,546 papers regarding the application of
AI, ML, and DL in various scientific disciplines, 103 papers were finally assigned to the area of Smart
Logistics in industrial enterprises and therefore rated as relevant for further analysis within this
research study. Table 3 shows the distribution of the appropriateness of the identified studies, which
was evaluated by screening the title and the abstract of the respective studies.
Table 3. Distribution of appropriateness of studies.

No./Appropriateness
Total studies
High appropriateness
Medium appropriateness
Low appropriateness

Records
103
33
52
18

Records (%)
100.00
32.04
50.49
17.48

Out of the identified 103 full texts in the area of Smart Logistics, 33 papers (32.04%) were
classified as papers with high appropriateness, 52 papers (50.49%) were classified as papers with
medium appropriateness, and 18 papers (17.48%) were classified as papers with low appropriateness
regarding the aim of this research study.
Table 4 shows the distribution of document types based on the identified 103 full papers in the
area of Smart Logistics.
Table 4. Distribution of document types.

Type of Document
Conference Proceedings
Conference Reviews
Articles
Reviews

Records
63
0
38
2

Records (%)
61.17
0
36.89
1.94

Identified Studies [%]

A total of 63 papers (61.17%) are conference proceedings, 38 (36.89%) are articles, and 2 (1.94%)
are reviews. No conference reviews were identified in the final sample. The following Figure 2 shows
the development of the relevant research studies from 2014–2019.

70%
60%
50%
40%
30%
20%
10%
0%
2014

2015

2016

2017

2018

Timeframe [years]

Figure 2. Development of the relevant research studies 2014–2018.
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Three papers (2.91%) were published in 2014, four papers (3.88%) were published in 2015, six
papers (5.83%) were published in 2016, 29 papers (28.16%) were published in 2017, and 61 studies
(59.22%) were published in 2018. In general, there is still an increasing trend of relevant studies
regarding the application of AI, ML, and DL in the area of Smart Logistics in industrial enterprises.
The following Table 5 displays the distribution of sources of the identified studies. Most of the
studies were published in Lecture Notes in Computer Science, Advances in Intelligent Systems and
Computing, IFAC-Papers Online, and IFIP Advances in Information and Communication
Technology.
Table 5. Distribution of the identified studies.

Source
Lecture Notes in Computer Science
Advances in Intelligent Systems and Computing
IFAC-Papers Online
IFIP Advances in Information and Communication Technology
Journal of Manufacturing Systems
Procedia CIRP
Procedia Manufacturing
CEUR Workshop Proceedings
Computers in Industry
IEEE Intelligent Systems
Journal of Big Data
Manufacturing Letters
IEEE Transactions on Industrial Informatics
2018 IEEE Global Communications Conference
Others

Records
8
5
5
4
3
3
3
2
2
2
2
2
2
2
58

Records (%)
7.77
4.85
4.85
3.88
2.91
2.91
2.91
1.94
1.94
1.94
1.94
1.94
1.94
1.94
56.31

The following Figure 3 shows an overview of the identified research collaborations based on the
systematic literature review.

Identified Studies [%]

25.00%
20.00%
15.00%
10.00%
5.00%
0.00%
1

2

3

4

5

6

7

>7

Number of Authors
Figure 3. Overview of the identified research collaborations.

Five papers (4.85%) were published by one author, 23 papers (22.33%) were published by two
authors, 22 papers (21.36%) were published by three authors, 24 papers (23.30%) were published by
four authors, 15 papers (14.56%) were published by five authors, eight papers (7.77%) were published
by six authors, two papers (1.94%) were published by seven authors, and four papers (3.88%) were
published by more than seven authors.
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In the next step, the authors performed a keyword analysis by extracting the author keywords
and index keywords of the relevant papers from the Scopus database. The results are displayed in
the following Figure 4.

Industry (4.0): 43.4‰

(Smart) Systems: 49.9‰

Machine Learning: 32.5‰

(Machine) Learning: 29.4‰

(Big) Data: 23.7‰

(Big) Data: 20.5‰

(Smart) Systems: 20.2‰

Industry (4.0): 15.5‰

Smart Manufacturing: 18.7‰

(Artificial) Intelligence: 14.8‰

Author Keywords

Index Keywords
Figure 4. Analysis of keywords.

The keywords were analyzed by using the software packages IBM SPSS Statistics 24 (IBM, New
York, NY, USA) and Wordle (www.wordle.net, California, CA, USA). Thereby, the size of the words
and letters reflects the frequency of the keywords from the final sample of 103 full papers. As
expected, the most important author keywords are “Industry (4.0)”, “Machine Learning”, “(Big)
Data”, “(Smart) Systems”, and “Smart Manufacturing”. Moreover, the top-ranked index keywords
are “(Smart) Systems”, “(Machine) Learning”, “(Big) Data”, “Industry (4.0)”, and “(Artificial)
Intelligence”.
The following Figure 5 displays the classification of the relevant research study by the type of
study, divided into Case Study (CS), Conceptual Approach (CA), Experiment (EX), and Literature
Review (LR). The classification is based on the content analysis and subsequent assignment of the
works to one main type of study by the research team.

Identified Studies [%]

40.00%
35.00%
30.00%
25.00%
20.00%
15.00%
10.00%
5.00%
0.00%
CS

CA

EX

LR

Type of study
Figure 5. Classification of the relevant research studies per type of study—Case Study (CS),
Conceptual Approach (CA), Experiment (EX), and Literature Review (LR).
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From the identified 33 articles with high appropriateness, eight (24.24%) articles can be classified
as case articles (CS), 12 (36.36%) articles can be classified as conceptual approaches (CA), seven
(21.21%) articles can be classified as an experiment (EX), and six (18.18%) articles can be classified as
literature review (LR).
3.2. Content Analysis
In this section, the authors analyze the full texts of the identified papers. Therefore, Tables 6 and
7 display the comprehensive results from the systematic literature review by briefly summarizing the
clusters, the main references, the number of records, and the percentage of records in Table 6, as well
as the authors, the type of the study, the clusters, and the main content of each identified work in
Table 7. The research team conducted a profound content analysis to categorize the selected literature
into similar clusters.
The results were further aggregated to the following five clusters:
1) Strategic and tactical process optimization;
2) Cyber-physical systems in logistics;
3) Predictive maintenance;
4) Hybrid decision support systems;
5) Production planning and control systems;
6) Improvement of operational processes in logistics;
7) Intelligent transport logistics.
The following Table 6 displays the results of the classification of five clusters regarding the
application of AI, ML, and DL in the area of Smart Logistics in industrial enterprises.
Table 6. Classification of the identified studies.
No.
1
2
3
4
5
6
7

Cluster
Strategic and Tactical Process Optimization
Cyber-Physical Systems in Logistics
Predictive Maintenance
Hybrid Decision Support Systems
Production Planning and Control Systems
Improvement of Operational Processes in Logistics
Intelligent Transport Logistics

Main References
[25–28]
[29–35]
[36–41]
[42–44]
[45–49]
[50–53]
[54–57]

Records
4
7
7
3
4
4
4

Records (%)
12.12%
21.21%
21.21%
9.09%
12.12%
12.12%
12.12%

In the following paragraphs, we will describe and summarize the content of the identified
studies for each of the defined clusters.
3.2.1. Strategic and Tactical Process Optimization
A total of 12.12% of the identified articles were assigned to the cluster “strategic and tactical
process optimization”. Gursch et al. review learning systems for management support in the area of
condition monitoring and process control of enterprises. Furthermore, the authors state that ML can
provide solutions in the fields of optimization, automation, and human support by handling complex
problems that cannot be solved via static and non-adaptive computer programs [25]. Brodsky et al.
focus on the application of decision analytics, for example, for the development of decision guidelines
in strategic and tactical reasoning. Furthermore, the guidelines can be used to perform monitoring,
analysis, planning, and optimization tasks within manufacturing and logistics processes [26]. Qu et
al. propose a general computational reasoning and learning framework under realistic conditions.
The approach explains how to realize smart processes from a formal and data-orientated
methodological point of view [27]. Bonino and Vergori introduce a concept and architecture for
connecting inner and outer value chains in modern factories by using ML, AI, and IoT technologies.
Thereby, the authors highlight how modern IT-systems will innovate and optimize daily processes
in production and logistics by implementing multi-agent systems and ML technologies [28].
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3.2.2. Cyber-Physical Systems in Logistics
A total of 21.21% of the identified articles were assigned to the cluster “frameworks for CPS in
logistics”. In this context, Peres et al. introduce an IDARTS framework for intelligent data analysis
and real-time supervision as a guideline for the implementation of scalable, flexible, and pluggable
analyses within production environments. The framework can be used to translate data into business
advantages in fields such as predictive maintenance, quality control, production, and logistics
through the implementation of CPS based on cloud computing. The framework further includes
technologies of data acquisition, ML, and run-time reasoning for production and logistics processes
[29]. Guo et al. describe a method for learning from imbalanced machinery data by transferring visual
elements detectors. The authors propose a methodology to organize collected sensor data into image
form and utilize visual element detectors based on convolutional neuronal networks (CNN) [30].
Ferrer et al. present a concept for the implementation the adaptation of CPS by focusing on the
production line, logistics, and facilities based on advanced data analytics, machine-to-machine IoT
protocols, machine learning, knowledge representation algorithms, and cloud-based platforms in
(smart) manufacturing environments. Moreover, they present a scenario for the implementation of
CPS in the course of a pilot study [31].
Thalmann et al. describe new analytic methods and tools for the optimization of industrial
processes. The projects aim to develop a set of tools, e.g., algorithms, analytic machinery, planning
approaches, and visualization for industrial process improvement based on data analytics [32].
Morozov et al. present an adaptation approach for CPS, namely the Formal Concept Analysis (FCA),
which includes AI and ML for the structuring of knowledge and the optimization of the CPS
interoperability [33]. Marella and Mecalla and Marella et al. introduce a process management system
(PMS) for cyber-physical processes (CPPs) and smart process management (SmartPM). The system
can be used to automatically adapt processes by using AI and cognitive computing based on a large
amount of data [34,35].
3.2.3. Predictive Maintenance
A total of 21.21% of the identified articles were assigned to the cluster “predictive maintenance”.
Thereby, Subakti and Jiang propose the design, development, and implementation of an augmented
reality system for machines in smart factories. A deep learning image detection module identifies
different machines and IoT allows the machines to report machine settings and machine states to a
cloud-based server [36]. Susto et al. describe a methodology to derive the health factor of machines
by applying a Monte Carlo approach based on particle filtering techniques to a real industrial
predictive maintenance problem in the semiconductor industry [37]. Wang and Wang discuss the
impact of AI on the future of predictive maintenance by focusing on DL technology. Thereby, they
state a list of state-of-the-art algorithms in the field of predictive maintenance, e.g., deep feedforward
networks, long short-term memory, convolutional networks, deep belief networks, etc., which can be
considered as key success factors for future industries [38].
Klein and Bergman propose an approach for the generation of predictive maintenance data for
ML investigations by using a Fischertechnik model factory equipped with several sensors. The
dataset will be published and can be used in future investigations and for the further development
of ML and DL approaches as well [39]. Cho et al. introduce a hybrid ML approach for predictive
maintenance in smart factories. The approach combines unsupervised learning with semi-supervised
learning to provide data-driven decision support [40]. Wuest et al. review the application of ML
techniques in manufacturing in the areas of monitoring and image recognition. Thereby, they
distinguish between supervised learning, unsupervised learning, and reinforcement learning, which
can be used as powerful toolsets within manufacturing environments [41].
3.2.4. Hybrid Decision Support Systems
A total of 9.09% of the identified articles were assigned to the cluster “decision support systems
and man-machine interaction”. In this context, Terziyan et al. introduce Pi-Mind technology as a
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mixture of human-expert-driven decision-making and AI-driven decision-making approaches for
smart manufacturing processes based on AI and ML technologies. In many cases, this hybrid
approach outperforms rational decision-making processes by human operators [42]. Venkatapathy
et al. and Zeidler et al. describe a basic concept of a hybrid network for the usage of human and
machine synergies in the intra-logistics. Thereby, they focus on optical reference systems, radio
reference systems, laser project systems, virtual reality systems, robot systems, LR-WPAN, and other
wireless network systems, and networked computational systems [43,44].
3.2.5. Production Planning and Control Systems
A total of 12.12% of the identified articles were assigned to the cluster “production planning and
control systems”. Lolli et al. present an approach for a multi-criteria-based classification of inventory
based on machine learning techniques. Thereby, the authors achieve a reduction of simulation effort
by using supervised classifiers from the field of ML [45]. He et al. review a set of multi-objective
swarm intelligence algorithms for flow shop scheduling problems. Besides conventional algorithms,
new ML-based approaches are also presented in this paper. The performance of the various
algorithms can be evaluated by the minimum distance to the Pareto-optimal front, the goodness of
the distribution, and the maximum spread [46]. Zhang et al. systematically review the literature on
job shop scheduling research in the context of Industry 4.0, based on ML, AI, and DL technologies.
The algorithms were further classified in exact optimization methods, e.g., efficient rule approach,
mathematical programming approach, branch and bound methods, and approximate methods (e.g.,
constructive methods, artificial intelligence methods, local search methods, and meta-heuristic
methods) [47].
Gomes et al. develop an ambient intelligent-based decision support system for production
planning and control based on ML that assists in the creation of standard work procedures that assure
production quantity and efficiency by using ambient intelligence, optimization heuristics, and ML
[48]. Luetkehoff et al. develop a self-learning production control system by using algorithms of AI.
The developed approach presents a new platform-based concept to collect and analyze data by using
self-learning algorithms. The patterns can be used for a prediction of future system behavior [49].
3.2.6. Improvement of Operational Processes in Logistics
A total of 12.12% of the identified articles were assigned to the cluster “improvement of
operational processes in logistics”. Wen et al. discuss the application of swarm robotics in the area of
Smart Logistics by outlining some possibilities and fields of application, e.g., smart warehousing,
smart delivery, route tracking, precise supply chains, green logistics, and smart ICTs, in the next area
of modern logistics [50]. Laux et al. describe a reflection-based sound localization system that is based
on ML approaches and can be used for indoor localization and object tracking [51].
Ademujimi et al. review the current literature on ML techniques in manufacturing by focusing
on techniques, e.g., Bayesian networks, the artificial neural network, the support vector machine, and
the hidden Markov model for the optimization of manufacturing fault diagnosis [52]. Teschemacher
and Reinhart develop an ant colony optimization algorithm to enable dynamic milk runs in logistics
to reduce the number of necessary vehicles in long-term optimization approaches [53].
3.2.7. Intelligent Transport Logistics
A total of 12.12% of the identified articles were assigned to the cluster “intelligent transport
logistics”. Li et al. (2018) introduce an intelligent transport system that combines information
technology, data communication technology, electronic sensing technology, global positioning
technology, geographical information system technology, computer processing technology, and
system engineering technology to a real-time, accurate, efficient and intelligent transportation
management system based on deep belief network models (DBN) and support vector regression
classifier (SVR) [54]. Cheng et al. (2017) discuss a fuzzy-group-based control for smart transportations,
which reduces waiting time and improves the performance by up to 40% [55]. Li et al. (2015) analyze
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traffic conditions based on IoT techniques by applying numerical techniques from data mining and
machine learning approaches [56]. Edelstein (2014) outlines the potentials of smarter transport
management through ICT in terms of operational efficiency, reduced costs, and an enhanced
entrepreneurial environment for the staff to develop and implement process innovations by using
integrated multimodal transport systems [57].

Sustainability 2020, 12, 3760

12 of 23

Table 7. Systematic literature review (SLR) on artificial intelligence (AI), machine learning (ML), and deep learning (DL) in Smart Logistics
No.

Ref.
No.

Author(s) and Year

Type of Study

Cluster

1

[29]

Peres et al., 2018

Case Study

Cyber-Physical Systems
in Logistics

2

[30]

Guo et al., 2018

Experiment

3

[31]

Ferrer et al., 2018

Case Study

4

[32]

Thalmann et al., 2018

Conceptual
Approach

Cyber-Physical Systems
in Logistics
Cyber-Physical Systems
in Logistics
Cyber-Physical Systems
in Logistics

5

[50]

Wen et al., 2018

Conceptual
Approach

Improvement of
Operational Processes

6

[42]

Terziyan et al., 2018

Conceptual
Approach

Hybrid Decision Support
Systems

Pi-Mind as a mixture of human-expert-driven and AI-driven decision-making approaches based on AI and ML.

7

[36]

Subakti & Jiang,
2018

Case Study

Predictive Maintenance

Usage of AR and ML for machine detection and the provision of machine data in smart factories.

8

[51]

Laux et al., 2018

Experiment

9

[37]

Susto et al., 2018

10

[38]

Wang & Wang, 2018

Experiment
Literature
Review

11

[39]

Klein & Bergmann,
2018

Case Study

12

[45]

Lolli et al., 2019

Experiment

13

[33]

Morozov et al., 2018

14

[46]

He et al., 2018

15

[40]

16
17

Improvement of
Operational Processes
Predictive Maintenance

Content
IDARTS framework for intelligent data analysis and real-time supervision as a guideline for the
implementation of scalable, flexible, and pluggable analyses within production environments based on cyberphysical systems (CPS) and cloud computing.
Methodology to organize collected sensor data into image form and utilize visual element detectors based on
convolutional neuronal networks (CNN).
Concept and exemplary case study for the implementation of CPS by focusing on the production line, logistics,
and facilities in (smart) manufacturing companies.
Concept and resp. discussion of a set of tools, e.g., algorithms, analytic machinery, planning approaches, and
visualization for industrial process improvement based on data analytics.
Application of swarm robotics in the area of Smart Logistics (smart warehousing, smart delivery, route
tracking, precise supply chains, green logistics, and smart information and communication technologies (ICTs),
etc.).

Reflection-based sound localization system based on ML approaches.
Predictive maintenance model based on a numerical Monte Carlo approach with particle filtering techniques.

Predictive Maintenance

Conceptual discussion of AI and DL in predictive maintenance applications.

Predictive Maintenance

Approach for the generation of predictive maintenance data for ML investigations by using a Fischertechnik
model factory.

Conceptual
Approach
Literature
Review

Production Planning and
Control Systems
Cyber-Physical Systems
in Logistics
Production Planning and
Control Systems

Cho et al., 2018

Case Study

Predictive Maintenance

[34]

Marrella & Mecella,
2018

Conceptual
Approach

[35]

Marrella et al., 2018

Case Study

Cyber-Physical Systems
in Logistics
Cyber-Physical Systems
in Logistics

Approach for a multi-criteria-based classification of inventory based on machine learning techniques.
Adaptation approach for CPS, namely the formal concept analysis (FCA), which includes AI and ML for the
structuring of knowledge and the optimization of the CPS interoperability.
Review swarm intelligence algorithms for multi-objective flow shop scheduling problems.
Hybrid ML approach for predictive maintenance, which combines unsupervised learning with supervised
learning in smart factories.
Process management system (PMS) for cyber-physical processes (CPPs) and smart process management
(SmartPM) based on AI and cognitive computing.
Process management system (PMS) for cyber-physical processes (CPPs) and smart process management
(SmartPM) based on AI and cognitive computing.
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[43]

Venkatapathy et al.,
2017

19

[44]

Zeidler et al., 2017

20

[28]

Bonino & Vergori,
2017

21

[47]

Zhang et al., 2019

22

[52]

Ademujimi et al.,
2017

23

[25]

Gursch et al., 2016

24

[48]

Gomes et al., 2017
Luetkehoff et al.,
2017
Teschemacher &
Reinhart, 2017

13 of 23
Conceptual
Approach
Conceptual
Approach
Case Study
Literature
Review
Literature
Review
Literature
Review
Conceptual
Approach
Conceptual
Approach

25

[49]

26

[53]

27

[41]

Wuest et al., 2016

28

[26]

Brodsky et al., 2014

29

[27]

Qu et al., 2014

30

[54]

Li et al., 2018

Experiment

31

[55]

Cheng et al., 2017

Case Study

32

[56]

Li et al., 2015

Experiment

33

[57]

Edelstein, 2014

Conceptual
Approach

Experiment
Literature
Review
Conceptual
Approach
Conceptual
Approach

Hybrid Decision Support
Systems
Hybrid Decision Support
Systems
Strategic and Tactical
Process Optimization
Production Planning and
Control Systems
Improvement of
Operational Processes
Strategic and Tactical
Process Optimization
Production Planning and
Control Systems
Production Planning and
Control Systems
Improvement of
Operational Processes
Predictive Maintenance
Strategic and Tactical
Process Optimization
Strategic and Tactical
Process Optimization
Intelligent Transport
Logistics
Intelligent Transport
Logistics
Intelligent Transport
Logistics
Intelligent Transport
Logistics

Concept of a hybrid network for the usage of human and machine synergies in the intra-logistics.
Concept of a hybrid network for the usage of human and machine synergies in the intra-logistics.
Architecture for connecting inner and outer value chains in modern factories by using ML, AI, and IoT
technologies.
Review of literature on job shop scheduling research in the context of Industry 4.0.
Review of literature on ML techniques in manufacturing.
Review of learning systems for management support in the areas of condition monitoring and process control,
scheduling, and predictive maintenance.
Ambient intelligent-based decision support system for production planning and control based on ML.
Development of a self-learning production control system by using algorithms of AI.
Development of an ant colony optimization algorithm to enable dynamic milk runs in logistics.
ML techniques in manufacturing in the areas of monitoring, and image recognition.
Application of decision analytics in smart manufacturing.
General computational reasoning and learning framework for smart manufacturing.
Intelligent transport system based on AI, ML, and DL technologies.
Fuzzy-group-based control for smart transportation processes.
Analyses and optimization of traffic conditions based on internet of things (IoT) techniques.
Smart transport management systems through ICT.
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4. Conceptual Framework for the Application of AI, ML, and DL in Smart Logistics
4.1. Framework for the Application AI, ML, and DL in Smart Logistics
In this paper, the authors have identified five clusters that can be amalgamated to a conceptual
framework for the application of AI, ML, and DL in Smart Logistics in industrial enterprises. Figure
6 illustrates the developed clusters, namely, “frameworks for CPS in logistics”, “predictive
maintenance”, “decision support systems and man-machine interaction”, “production planning and
control systems”, and “improvement of operational processes in logistics”. According to the results
of the content analysis, the research team mapped to each of the identified clusters of relevant
methods and instruments indicated in the literature.

AI, ML, and DL in
Smart Logistics

Strategic and Tactical
Process Optimization

Optimize strategic and tactical
processes on an enterprise or
logistics network design level

Cyber-Physical Systems
in Logistics

Transformation from
conventional systems to Smart
Logistics Systems

Predictive Maintenance

Usage of modern learning
approaches in the areas of
condition monitoring and
predictive maintenance

Hybrid Decision
Support Systems

Hybrid decision-making
approaches for an increased
decision-making efficiency

Production Planning
and Control Systems

Advanced scheduling,
planning, and control
techniques

Improvement of
Operational Processes in
Logistics

AI, ML, and DL integration in
operational logistics processes

Intelligent Transport
Logistics

AI, ML, and DL in the context
intelligent transport systems
and processes

Figure 6. Conceptual framework for AI, ML, and DL in Smart Logistics.

Cluster 1, “strategic and tactical process optimization”, concentrates on the application of AI,
ML, and DL methods to optimize strategic and tactical processes on an enterprise or logistics network
design level. Based on learning systems for management support, so-called management information
systems can be enriched with intelligence, therefore providing not only data, information, and key
performance indicators but also preparing and make decisions on a strategic and tactical level [25–
28]. Further progress in such strategic and tactical process optimization will be of significant
importance for large companies operating in different countries.
Cluster 2, “cyber-physical systems in logistics”, describes opportunities for the development
from a conventional logistics system to a Smart Logistics system based on actors and sensors for realtime data analysis and enhanced knowledge management through state-of-the-art learning
approaches. CPS can be used to improve the quality of production and logistics processes, which
further affects the overall efficiency of the industrial enterprise. Moreover, CPS will lead to increased
connectivity, consistent digitalization, better modeling techniques, more flexibility, and higher
versatility and reusability of systems and systems’ components [29–35].
Cluster 3, “predictive maintenance”, focuses on the usage of learning approaches in the areas of
condition monitoring and predictive maintenance. Thereby, a multitude of studies suggests the
application of recent AL, ML, and DL approaches for the continuous reporting of machine settings,
machine states, and quality parameter settings. Based on real-time data, enhanced knowledge can be
used for further predictive analysis regarding a strategic and pro-active plant maintenance strategy
for production and logistics processes [36–41].
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Cluster 4, “hybrid decision support systems”, describes the improvement of non-automated and
therefore human-centered decision-making processes by using learnable support systems. In this
context, decision-relevant information will be automatically collected, aggregated, and pre-analyzed
by AI, ML, and DL technologies. In many cases, these hybrid decision-making processes outperform
purely rational decision-making processes [42–44,58].
Cluster 5, “production planning and control systems”, introduces new opportunities for
advanced planning and control approaches in the research fields of inventory management, flow
shop problems, traditional job shop scheduling problems, production process optimization, and the
self-learning abilities of modern production planning and control systems based on the application
of AI, ML, and DL technologies [45–49].
Cluster 6, “improvement of operational processes in logistics”, outlines various possibilities for
the enhancement of operational processes in logistics by applying AI, ML, and DL technologies.
Thereby, swarm robotics can be used to optimize smart warehouses, sound location systems can
increase the efficiency of identification and tracking approaches, AI-based algorithms ensure holistic
manufacturing fault diagnosis, and ant colony optimization approaches enable the optimization of
milk runs in logistics problems [50–53].
Cluster 7, “intelligent transport logistics”, analyzes the application of AI, ML, and DL
technologies in intelligent transport systems and intelligent transport processes. In this context, the
performance of transport logistics can be increased by applying AI-based methods in combination
with state-of-the-art approaches based on the usage of information technology, data communication
technology, electronic sensing technology, global positioning technology, geographical information
system technology, computer processing technology, and system engineering technology [54–57].
4.2. Practical Examples
In this section, we looked for practical examples for each of the identified clusters or applications
of AI, ML, and DL in logistics. This analysis should provide an overview of how the proposed
framework can be transferred into practice and what are the practical implications for managers of
companies.
Aitheon presents on his website one of the first AI-driven project management tools. The project
management AI generates a straightforward list for those who want to be in the general work process
without the need to understand or learn the depths of project management tools. The tool generates
prioritized and grouped tasks by artificial intelligence. An AI-based sketchboard visually organizes
information to show the relationships amongst the pieces of the whole project. This helps to create a
vision of complex ideas, concepts, or projects, which is generated into tasks viewable in Gantt or
Kanban views [59].
DHL research describe their vision of digital twins in logistics. Artificial intelligence has given
digital twins and cyber-physical systems a big push in creating new value. Today, all the data DHL
has from sensors, historical performance, and inputs about behavior lends itself to being linked to
spatial models and to predict future behavior by changing different inputs. The data and prediction
capabilities of AI make the spatial model come alive [60].
Presenso is a predictive maintenance software using machine learning and deep learning
algorithms to drive precise and continuous failure prediction. With the use of software, logistics
companies can achieve operational savings through full predictive maintenance aimed at yield
optimization. The system collects large amounts of data at high speed and streams the data to the
Cloud in real-time. Using unique, proprietary deep neural-network architectures, Presenso’s analytic
engine autonomously interlinks events with components within the machines and ultimately
predicts evolving failures. In addition, it provides valuable information about the remaining time to
failure and its origin within the machine [61].
According to a study of PWC, 67% of business leaders believe that AI and automation will
impact negatively on stakeholder trust levels in their industry in the next five years. The central
challenge is that many of the AI applications operate within black boxes, offering little if any
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discernible insight into how they reach their outcomes. The greater the confidence in AI, the faster
and more widely can it be deployed [62].
SkyPlanner APS is an advanced planning and scheduling system using AI. The software
includes AI that instantly optimizes work order, in which production is most efficiently scheduled.
The AI algorithm also takes into account details that can further enhance production efficiency. For
example, in many productions, it is advisable to schedule jobs that use the same materials or tools in
succession [63]. AI is also able to more accurately estimate the time it takes to complete the different
jobs.
Swarm Logistics is a deep-tech software technology company specializing in the development
of intelligent, autonomous transportation systems. The Auto-Dispatcher of Swarm Logistics is based
on a complex algorithm that is constantly improving itself with the use of artificial intelligence. This
software was tested in a case study and compared to previous planning. The results of the
comparison showed cost savings of 25% and 35% faster delivery for the transportation company [64].
Siemens Mobility is testing its ITS Digital Lab applications and services for smarter management
of road traffic, fleets such as e-bikes, and intermodal mobility. Connected vehicles sending data in
real-time, infrastructure systems transmitting their status to Siemens’ internet-of-things platform
MindSphere and road users who are connected with their smartphones all produce an immense
amount of data. This rich and growing source of data is changing the types of services of mobility
that are feasible. Siemens Mobility is working on solutions for a Balanced Intermodal Mobility
Ecosystem, which manages not only the road network but also specific fleets within the network and
ultimately the traveler across different modes of transportation [65].
5. Discussion
In this paper, the authors identified the following five clusters for the application of AI, ML, and
DL in Smart Logistics: 1) frameworks for cyber-physical systems (CPS) in logistics; 2) AI, ML, and DL
in the context of (predictive) maintenance; 3) decision support systems and man-machine interaction;
4) production planning and control systems, and 5) improvement of operational processes in logistics.
In the above-described conceptual framework, we analyzed the main clusters where AI, ML, or DL
are applied today or where the potential for application is already studied.
Looking at the first cluster in the proposed framework, AI and related technologies and methods
will be used in the near future to do better forecasting and to better understand users and customers.
This will have a significant impact on the optimization of the forecast on a strategic/tactical level and
may be also used to determine new customer demand. In the future, AI may be used also in higherlevel processes to detect fraud, prevent cybersecurity threats, and generally optimize higher-level
processes. Possibilities of the future use of AI can also be in project management tasks, reducing the
failure rate of projects thanks to predictive analysis and to more accurate project management. In
addition, if AI algorithms can win chess games, they will also be able to be used in the generation of
corporate strategies.
Taking a more detailed look at the second identified cluster dealing with the application of AI
methods to create CPS in logistics, we can observe that already there are many research activities for
realizing CPS and mono-directional information flow from the physical object to the digital model
(digital shadow), and in a further step a bidirectional information flow between both models to
control the physical system through a so-called digital twin [66]. CPS are receiving large amounts of
different datasets and data from the logistics systems. Today, most of the practitioners face the
challenge that they do not have the right tools to exploit the amount of data in the right manner. Here
AI methods can complete the vision of a digital-twin-based control of logistics systems by analyzing
big data from CPS, determining data patterns and therefore automating workflows and processes for
more immediate and more qualitative control of logistics systems. Although some works deal with
this topic, we find that, especially for logistics systems, this field is still an emerging research field
with much need for further investigation and case study applications.
The third cluster deals with AI methods for realizing what we call predictive maintenance as an
enhancement of preventive maintenance, which is well-known from lean management. Predictive
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maintenance as a concept has been well-discussed since the beginning of the new century, but looking
at the Scopus database using this keyword, research on this concept has “exploded” in the years after
2017 when progress was made in the application of AI-based methods for realizing predictive
maintenance. As AI methods depend a lot on the availability of a large amount of data, the field of
predictive maintenance is a highly important research direction due to new generations of logistics
systems equipped with sensors and providing large amounts of data that can be used for data
analytics. Seeing this development, we consider predictive maintenance as one of the more
consolidated fields of research for AI in logistics, although we are conscious of the fact that there is
still a huge need for investigation especially for applied research and case study research.
The fourth cluster of “hybrid decision support systems” follows the current trend of humancentered engineering. Despite all of the potential for automation and digitalization in production and
logistics, we have understood that many processes still depend from skilled workers and that the
human will also in the future play a big and important role in the industry. What we can do is to
support workers with cognitive assistance systems to enhance their capabilities in decision-making
as well as taking advantage of a large amount of data. AI-based methods play a big role in this
ongoing development of such digital aid systems for our workers. As indicated also in the analyzed
literature, it will be important for the future not to only offer pure rational decision-making assistance
tools, as this would decrease the role of the human from an intelligent individuum to a “stupid”
executor of commands and decisions taken from a “super-intelligent system”. It will become
important to develop solutions using an approach based on so-called Explainable AI [67] and thus a
hybrid way where the human is still able to understand the result through explainable interfaces. We
state the hypothesis that only such hybrid systems will succeed in being applied also in practice, as
the human being is still a skeptical individuum that would not accept assistance systems based on
pure rational decision-making. While the use of AI in man–machine interactions has already been
studied for many years, we consider therefore the development of decision-making systems based
on explainable AI as one of the main future challenges in research.
The fifth cluster of “production planning and control systems” can be considered again as one
of the already more developed and perhaps more consolidated fields compared to the other clusters
identified in the proposed conceptual framework. For many years now production planning and
control deal with the optimization of the planning when it comes to conduct advanced planning and
scheduling tasks and to transfer this results in meaningful control mechanisms for production control.
We can already find several works dealing with the use of simulation-based methods for scheduling
since the early 1990s [68]. On the other hand, we postulate that there will be a “renaissance” in this
field due to the ongoing trend of AI, opening an emerging field towards real-time planning. A human
planner would never be able to process information as fast as AI does based on sensors and seamless
vertical data integration. Through the combination of a steady increase of computational power and
storage capacity for a large amount of data with sensor devices for collecting real-time data, real-time
planning comes within reach in the near future.
The sixth cluster deals with improvements of operational processes in logistics that can often be
deduced from nature, as the examples in the framework description have shown (see also [50–53]).
The topic of biological transformation is an already emerging theme promoted, e.g., by the
Fraunhofer research institutes [69] and other researchers [70], and describes the change from solely
bioinspired manufacturing or logistics systems towards those that are bio-integrated and biointelligent by combining what we can deduce and learn from the observation of processes in nature
and leaping computational power as well as progress in AI, ML, and DL.
The seventh cluster of “intelligent transport logistics” has been making enormous progress in
data-based traffic optimization and the development of autonomous vehicles for years. With the
latest technologies in object recognition, roads and important traffic junctions can be monitored even
better in real-time, reducing possible delays in processing time. A great challenge for the future will
be the investigation and finding of appropriate solutions for reducing or eliminating the risk of cyberattacks and biased decisions about transport as well as discussing ethical questions regarding liability
for the decisions taken by artificial intelligence in the place of humans. In this regard, for example,
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the EU is taking important steps to adapt its regulatory framework to these developments so that it
supports innovation while at the same time ensuring respect for fundamental values and rights [71].
The following Table 8 summarizes the main research actions that can be deduced from the
discussion of the identified clusters for applying AI, ML, and DL in Smart Logistics. In addition, it
addresses also the experts/stakeholders that should be involved in research activities, as logistics is a
broad field in which several different subjects, perspectives, and types of expertise converge. This
should guarantee that further research is target-oriented and follows the needs of practitioners in the
field of logistics. The listed research actions should motivate researchers of basic and applied research
to conduct further research to exploit the full potential of AI, ML, and DL in the field of logistics.
Table 8. Research actions and experts/stakeholders to be involved.

No.
1

Further research on the automated
generation of corporate strategies

2

Further research for AI support in
project management to reduce failures
and increase the success of projects

Cluster
C1—Strategic and
Tactical Process
Optimization
C1—Strategic and
Tactical Process
Optimization

3

Case study research on applications
for AI-based CPS in logistics

C2—Cyber-Physical
Systems in Logistics

4

Case study research on applications of
predictive maintenance

C3—Predictive
Maintenance

5

Further research on explainable AI for
AI-based hybrid decision support
systems

C4—Hybrid Decision
Support Systems s

6

Real-time planning and (re)scheduling

7

Learning from nature through biointelligence in logistics

8

9

Research Action

Development of low-cost real-time
monitoring devices/solutions
Clarify questions and provide
solutions for reducing the risk of
cyber-attacks and regarding
ethical/liability questions

C5—Production
Planning and Control
Systems
C6—Improvement of
Operational Processes in
Logistic
C7—Intelligent
Transport Logistics
C7—Intelligent
Transport Logistics

Experts/Stakeholder
Top management

Project managers
Users and experts
from all fields of
logistics
Maintenance
managers of
logistics systems
and vehicle fleets
Users and experts
from all fields of
logistics
Production planners
and intralogistics
experts
Operations
managers
Traffic Planners,
hardware providers
Experts in ethics and
cybersecurity

6. Limitations and Implications
6.1. Limitations of This Study
The study conducted a review of the scientific literature from 2014 to January 2019, the date of
data extraction from the Scopus scientific database. A limit of this research is that during the period
of the screening, selection and analysis and development of the framework, further research on AI in
logistics may have been performed and published. We are aware that the current rapid development
of research in this area is a limit for the results of this review. For this reason, in the following we
have summarized the most important work that has been done on this topic in the period from the
beginning of 2019 to the beginning of 2020, to analyze whether further research directions have
emerged. Firstly, this analysis confirmed the proposed framework, as also after the period
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investigated by the authors, many works deal with the clusters identified. In addition, a scientific
discussion on some new topics has been started. The following short overview does not present an
exhaustive list of new research topics, but some examples of the most interesting ones.
Giusti et al. address synchromodal logistics as an emergent topic in logistics and transportation
where AI-based methods may open new possibilities. Synchromodality is an emerging and attractive
concept in logistics, developed and established in the Benelux region during the last decade. The
main purpose of synchromodality is reducing costs, emissions, and delivery times while maintaining
the quality of supply chain service through the smart utilization of available resources and
synchronization of transport flows [72].
In Le et al., neural network-based approaches are used for example to estimate, predict, and
optimize fuel consumption for container ships in Korea. The developed model has thus been applied
to confirm the effectiveness of the slow-steaming method for achieving energy efficiency [73].
Liu et al. examine the effects of context-awareness on the ambient intelligence of logistics service
quality, as context-awareness makes it possible to provide personalized service for each client.
Context-awareness-based ambient intelligence predicts users’ intention-to-use depending on the
contexts they provide. By applying the prediction to logistics services, it can provide customized
service to keep clients satisfied. A key issue in user-centered services is how to detect each userspecific situation and choose a certain service that meets users’ requirements the best, and then to
provide support for real-time decision-making [74].
According to Ceyhun, using AI will contribute to the prevention of ship-related accidents by
anticipating future cases by using pinpoint calculations [75].
Another use of AI-based methods will be to develop intelligent road inspection systems for
smart mobility and transportation maintenance systems [76].
6.2. Implications for Academia and Practitioners
From our point of view, this research is interesting for both academics and practitioners. While
there are now some literature review articles on artificial intelligence, machine learning, or deep
learning in manufacturing or business processes, there is a great lack of such review articles in the
field of logistics. With this paper, researchers can find a comprehensive review of the current state of
research. In addition, the paper presents a framework for the use of AI, ML, or DL in logistics. This
framework, as well as the research actions and fields collected in the discussion Section, should
contribute to and encourage researchers to carry out further research in these areas and thus take an
important step towards consolidating these areas.
More and more managers and practitioners from logistics companies or logistics sectors are
interested in the potential of AI-based methods in logistics. However, the complexity of these topics
makes it very difficult for practitioners to estimate their use or even to get an overview of the current
status. Therefore, it was our concern after the creation of the framework, which is informative for
academics as well as for practitioners, to show practical examples from management literature and
case studies. This will provide practitioners with an overview of the current methods as well as new
input to plan and start initiatives for the use of AI in their logistics processes.
7. Conclusions
In the context of Smart Logistics, the application of AI, ML, and DL technologies is still in an
early stage of development. Most of the identified studies are concepts, laboratory experiments, or in
a very early testing phase. Mature industrial applications are still missing. However, the continuous
reporting of machine settings, machine states, quality parameter settings, predictive maintenance,
decision-making support systems, advanced scheduling, planning, and control approaches in the
research fields of inventory management, flow shop problems, traditional job shop scheduling
problems, production process optimization, and the improvement of operational logistics processes,
e.g., identification and tracking approaches, can be seen as promising areas within the Smart Logistics
framework.
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The findings of this research study should be used as a starting point for future investigations
regarding the application of AI, ML, and DL technologies in the area of Smart Logistics in industrial
enterprises, and provide a framework for practitioners in industrial companies for the successful
implementation of state-of-the-art technologies as well. Therefore, it is important to integrate
different research areas, e.g., information technology, logistics, mechanical engineering, industrial
engineering, mathematics, and statistics, into future research projects.
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