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Abstract

Reverse logistics (RL) plays a crucial role in promoting circularity and sustainability in
supply chains, particularly in the face of increasing waste generation and growing environ-
mental demands. In recent years, machine learning (ML) has emerged as a strategic tool to
enhance processes, decision-making, and outcomes in RL. This article presents a systematic
review of ML applications in reverse logistics, highlighting trends, challenges, and research
opportunities. The analysis covers 52 articles retrieved from the Scopus and Web of Science
databases, following the PRISMA protocol. The results show that the most frequently
employed techniques are supervised models, followed by unsupervised methods and, to
a lesser extent, reinforcement learning. The main ML applications in RL focus on return
and waste generation forecasting, process optimization, classification, pricing, reliability
assessments, and consumer behavior analysis. The studies examined predominantly use
traditional evaluation metrics, such as MAPE and F1-score, while few consider multidimen-
sional indicators encompassing long-term social or environmental impacts. Key challenges
identified include data scarcity and quality, inherent uncertainties in reverse supply chains,
and the high computational cost of models. This article also points to research gaps con-
cerning metadata standardization, the absence of public benchmarks, model explainability,
and the integration of ML with simulations and digital twins, indicating pathways toward
more robust, transparent, and sustainable RL.

Keywords: reverse logistics; circular economy; sustainability; sustainable development;
closed-loop supply chains; artificial intelligence; machine learning; digital transformation;
Industry 4.0; Logistics 4.0

1. Introduction
Solid waste management is a global concern from environmental, social, and economic

perspectives. Improper waste handling contributes to soil and water pollution and poses risks
to public health and biodiversity [1]. Among the various waste streams generated in modern
societies, waste electrical and electronic equipment (WEEE), construction and demolition waste,
and healthcare waste stand out. These waste types present specific characteristics—such as
potential toxicity, increasing volume, and treatment complexity—that exacerbate the challenges
of proper disposal. If not properly managed, they can not only contaminate the environment
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but also lead to the loss of valuable secondary resources, such as metals and plastics, which
could be reintroduced into production chains [2].

In this context, reverse logistics (RL) emerges as an essential component of waste
management systems, as it encompasses the planning, implementation, and control of
product, material, and information flows from the point of consumption back to the point
of origin, with the aim of reuse, recycling, or proper final disposal [3]. RL is, therefore, fun-
damental to promoting circularity and sustainability in production processes, particularly
considering growing regulatory requirements and socio-environmental responsibility.

However, the efficient operationalization of RL faces multiple challenges, including
the dispersion of collection points, variability and uncertainty in the quantity and quality
of returned materials, lack of consumer information, and difficulties in tracking throughout
the supply chain [4]. These uncertainties require tools capable of enhancing planning,
decision-making, and operational performance in reverse supply chains.

In this context, artificial intelligence (AI) has emerged as a promising ally in addressing
such challenges. AI-based tools, such as data analytics, optimization algorithms, image pro-
cessing, and predictive analysis, have the potential to transform RL by increasing operational
efficiency, traceability, and adaptability [5]. AI encompasses a wide range of techniques,
including deep learning (DL), machine learning (ML), natural language processing, computer
vision, and reinforcement learning (ReL). These technologies enable AI to perform functions
traditionally associated with human intelligence, such as pattern recognition, predictive
analysis, classification, process automation, and real-time decision-making.

Among the various branches of AI, machine learning (ML) stands out, with its primary
goal being to enable computer systems to learn from data and improve their performance on
specific tasks without explicit programming for each situation [6]. ML can be structured into
three main approaches: supervised learning, unsupervised learning, and reinforcement learning.

In supervised learning, the model is trained with labeled data consisting of known
input–output pairs, enabling the system to make predictions or classifications from new
data [6]. In unsupervised learning, the goal is to identify patterns, latent structures, or
clusters within unlabeled data, making it particularly useful for tasks such as segmentation
and exploratory analysis. Finally, reinforcement learning is a process in which intelligent
agents learn to make optimal decisions by interacting with the environment and receiving
rewards or penalties for each action taken [7].

Against this backdrop, the use of ML techniques has grown exponentially in reverse
logistics, enabling advances in return forecasting, collection route optimization, automated
waste classification, fraud detection, material quality assessment, and other applications [5].
Nevertheless, challenges and research gaps persist, requiring continuous scientific and
technological development.

Some studies have explored the role of AI in RL, each from distinct angles and scopes.
Oluleye, Chan and Antwi-Afari [8] focused on the construction sector, presenting a critical
review that discussed challenges, potentials, and integrations of AI in the field; however, by
limiting their scope to construction, they did not delve into methodological aspects specific
to RL in a broader sense. Bhowmik et al. [5] adopted a macro perspective by conducting
a bibliometric and network analysis on AI applied to RL, examining 2929 articles and
mapping trends, authors, countries, and thematic clusters. Despite its broad scope, the
study remained predominantly bibliometric, devoting less attention to methodological,
practical, and content-related issues. In an even broader approach, Raut et al. [9] conducted
a review on AI in the circular economy, identifying thematic clusters and proposing an
implementation framework, with RL addressed only as one of the topics analyzed. In the
context of WEEE, Xiong et al. performed a systematic review covering the entire recycling
and reuse cycle—from dismantling to logistics and management—categorizing AI tasks,
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discussing applied technologies, and outlining future directions, although their scope
extended beyond RL in the strict sense. Bhattacharya et al. [10] examined closed-loop
supply chains (CLSC) through the lens of AI, building a taxonomy of techniques and a
research agenda; however, their CLSC focus diluted the specific discussion on RL.

In this regard, the present article advances the field by proposing a critical and inte-
grative analysis that goes beyond merely identifying trends or thematic clusters. Unlike
previous studies, this work structures its investigation around research questions aimed at
identifying and categorizing the ML techniques most frequently applied to RL processes,
mapping business objectives and real-world use cases, detailing the evaluation metrics
employed in the studies, examining the challenges and limitations encountered in applying
these techniques, and, above all, highlighting the gaps that represent opportunities for
future research. By adopting this approach, the article not only compiles and organizes
existing knowledge but also fosters a critical discussion on the maturity and limitations of
proposed solutions, offering guidance for advancing the field. In doing so, this study fills a
gap by providing a comprehensive, critical, and application-oriented perspective on ML
in RL, contributing to both researchers and practitioners seeking to enhance the efficiency
and sustainability of reverse supply chains across different contexts.

Thus, this article seeks to address the following research questions (RQ):

• RQ1: Which machine learning techniques are most frequently applied in reverse
logistics processes?

• RQ2: What are the main objectives for using ML in reverse logistics?
• RQ3: What performance and validation metrics are reported in studies on ML applied

to reverse logistics?
• RQ4: What are the main challenges and limitations encountered in applying ML to

reverse logistics?
• RQ5: What methodological and technological gaps emerge from the literature, indicat-

ing opportunities for future research?

2. Materials and Methods
2.1. General Methodology

To address the research questions, a systematic literature review method was em-
ployed. This approach enables the rigorous management of accumulated scientific knowl-
edge by following a clear methodology that ensures the study’s reliability [11]. Accordingly,
this work was conducted based on the PRISMA protocol [12], which ensures transparency
in the stages of search, selection, and data extraction, explicitly detailing what was done,
what was found, and why the review was conducted.

For the development of this systematic review, two databases were selected: Scopus
and Web of Science. These platforms rank among the main sources for bibliographic
analysis due to their multidisciplinary coverage and the availability of specialized indexes
that ensure precision, transparency, and control over the retrieved information [13]. Figure 1
presents the PRISMA 2020 flow diagram, which summarizes the study selection process.
A total of 159 records were identified from Scopus and Web of Science. After removing
54 duplicates using Rayyan, 105 records remained for screening. At the title and abstract
screening stage, 43 records were excluded for not meeting the eligibility criteria. A total
of 62 articles were retrieved in full text for eligibility assessment; however, 10 of them
could not be accessed despite attempts through institutional libraries and direct author
contact. As a result, 52 studies were effectively analyzed in the final review. No additional
records were excluded at this stage, resulting in 52 studies included in the final review. The
PRISMA checklist can be found in Table S1 of the Supplementary Material.
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Figure 1. PRISMA diagram. Source: Authors (2025).

To structure the search, two initial constructs were adopted: “Machine Learning”
and “Reverse Logistics.” An exploratory review was then conducted [14] to gain a deeper
understanding of the topic and identify variants of these terms. Subsequently, VOSviewer
1.6.20, a tool that enables iterative analysis of article metadata, was used to map keywords
related to the constructs through co-occurrence analysis [15,16]. Based on these findings,
the search string to be applied in the databases was defined, as described in Table 1. The
search was limited to peer-reviewed journal articles, with no restrictions applied regarding
publication date. All searches were conducted up to July 2025.

In the searches conducted in Scopus, the TITLE-ABS-KEY field was used, which
retrieves results from article titles, abstracts, and keywords, ensuring broad coverage
without losing specificity. This means that an article would only be retrieved if the search
terms appeared in at least one of these three areas, thereby increasing the precision and
relevance of the results. In Web of Science, the TS field (Topic Search) was used, which also
searches titles, abstracts, author keywords, and keyword plus terms.
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Table 1. Search strings for Scopus and Web of Science.

Scopus Web of Science

TITLE-ABS-KEY (“machine learning *” OR
“deep learning” OR “neural network *” OR
“supervised learning” OR “unsupervised
learning” OR “reinforcement learning” OR

“Decision tree *” OR “random forest *”) AND
TITLE-ABS-KEY(“closed loop supply chain”
OR “closed-loop supply chain” OR “reverse

logistics” OR “reverse supply-chain”)

TS = (“machine learning *” OR “deep learning”
OR “neural network *” OR “supervised

learning” OR “unsupervised learning” OR
“reinforcement learning” OR “Decision tree *”
OR “random forest *”) AND TS = (“closed loop
supply chain” OR “closed-loop supply chain”

OR “reverse logistics” OR “reverse
supply-chain”)

Source: Authors (2025). The asterisk (*) is used as a truncation wildcard to retrieve variations of a term, ensuring
the inclusion of both its singular and plural forms (e.g., searching for “network” would yield results for both
“network” and “networks”).

The search string structure also employed Boolean operators such as AND (to combine
the ML and RL term sets) and OR (to include terminological variations and synonyms), as
well as the asterisk (*) as a truncation operator to capture suffix variations (for example,
learning retrieves “learning,” “learners,” or “learned”).

The terms selected in the first part of the search string covered the following approaches:

• Machine learning *: It refers to “machine learning” in general, including all variations
and derivations of the term;

• Deep learning: It covers deep learning techniques, an important subfield within ML;
• Neural network *: It includes both artificial and deep neural networks, which are

known for their ability to model complex relationships in data;
• Supervised learning: It refers to supervised learning, where models are trained with

labeled data;
• Unsupervised learning: It refers to unsupervised learning, which is used to identify

patterns without explicit labels in the data;
• Reinforcement learning: It covers reinforcement learning techniques, which are rele-

vant for optimization and decision-making in dynamic environments;
• Decision tree *: It includes decision trees and their variants, which are common and

interpretable ML methods;
• Random forest *: It covers random forests, which are ensemble techniques based on

multiple decision trees.

The second part of the search string covered the following:

• Closed-loop supply chain and closed-loop supply chain: They are variations referring
to “closed-loop supply chains,” a concept associated with reverse logistics and the
circular economy;

• Reverse logistics and reverse supply chain: They cover “reverse logistics” and varia-
tions, with or without hyphens.

Including all these variations ensured that the search would capture studies that
might use different terminologies to address similar topics, thus maximizing coverage
and comprehensiveness.

For the selection process, searches in both databases were filtered to include only
scientific articles. This initial search yielded 159 records. The metadata from these records
were extracted, and duplicates were identified and removed using the Rayyan tool [17],
resulting in 105 unique records. Titles and abstracts were then screened according to the
following exclusion criteria: articles that did not focus on the application of ML in at least
one stage of RL, articles that did not focus on RL, and literature review articles. Inclusion
criteria required that studies (i) explicitly applied at least one ML model to reverse logistics
processes and (ii) were published as peer-reviewed journal articles.
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The selection process was conducted by a single reviewer, who screened all titles,
abstracts, and full texts using Rayyan. The results of the selection were subsequently
discussed and checked by the co-authors to ensure consistency with the eligibility criteria.
Data extraction was carried out by one author using a standardized spreadsheet, and the
collected information was independently reviewed and validated by the other co-authors
to minimize errors and ensure accuracy.

Twenty articles were excluded under the first criterion, as they showed no clear
evidence of ML application in RL. Thirteen were excluded under the second criterion for
addressing topics related to traditional supply chains or other subjects outside the defined
scope, without directly addressing RL. Additionally, ten articles were excluded for being
literature reviews. As a result, only articles explicitly applying an ML model in some stage
of RL were retained.

In total, 43 articles were excluded, leaving 62 for analysis. However, 10 were removed
due to unavailability. Then, 52 articles were selected. These documents were examined
in full through content analysis [18], considering their main theme to extract data on the
state of the art and to categorize each work according to its specific focus. This process was
supported by a spreadsheet used to record relevant information such as authors, year of
publication, methodology, results, conclusions, limitations, suggested future research, and
country of origin. After this filtering, the selected studies were compiled with the aim of
answering the research questions formulated.

For each included study, information was extracted on the type of machine learning
technique applied, the reverse logistics process or application addressed, the performance
and validation metrics used, and the main findings (outcomes). In addition, bibliographic
and contextual data were collected, including year of publication, country, sector or industry
context, journal, and reported funding sources. These items were defined to enable both a
methodological and content-oriented synthesis of the literature.

The search string was designed to balance conceptual breadth with methodological
precision. It combines paradigm-level terms—such as supervised learning, unsupervised
learning, and reinforcement learning—with two representative algorithmic families, de-
cision trees and random forests, which are among the most frequently applied and inter-
pretable ML techniques in logistics-related studies. This hybrid structure ensured broad
coverage of the main learning paradigms while capturing well-established algorithmic
approaches without overextending the search scope. Specific models such as Support
Vector Machines (SVM), Gradient Boosting, or k-nearest neighbors were not individually
listed to maintain conceptual focus and avoid excessive fragmentation of results. This
design aligns with PRISMA’s emphasis on conceptual inclusiveness and methodological
consistency. Nonetheless, we acknowledge that this decision may have excluded some
domain-specific studies, representing a limitation to be addressed in future reviews through
a more algorithm-explicit search expansion.

Regarding article availability, for the ten studies whose full texts were inaccessible,
retrieval was attempted through institutional libraries and direct contact with the authors.
Despite these efforts, the papers remained unavailable. Their exclusion may have slightly
limited the representation of niche or regional applications.

Although the search strategy was limited to the Scopus and Web of Science databases,
this decision aimed to ensure methodological consistency and quality control by focusing
exclusively on peer-reviewed journal articles. While this approach may have excluded
relevant computer science conference papers—such as those published in NeurIPS, ICML,
or KDD—it aligns with the objectives of this review, which emphasize methodological
rigor and reproducibility rather than coverage breadth. Future studies may expand the
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search scope to include leading conference proceedings to capture cutting-edge algorithmic
developments and implementation trends in reverse logistics.

2.2. Quality Assessment

To ensure methodological rigor and transparency, a quality assessment of the
52 included studies was conducted following four criteria: (i) clarity of research design,
(ii) data transparency, (iii) model validation procedure, and (iv) completeness of results re-
porting. Each criterion was evaluated using a three-level scale (low, moderate, high). Most
studies exhibited moderate to high levels of methodological clarity and model validation,
while a smaller subset showed limited transparency in data description. This assessment
confirmed that the selected literature met the minimum standards for inclusion, thereby
increasing the reliability of the synthesized findings.

3. Results and Discussion
3.1. Bibliometric Analysis

The scientific output on the topic shows a notable geographical distribution, as illus-
trated in Figure 2. China stands out as the leading research hub, accounting for 16% of the
published articles, followed by Iran with 12%. The United States, the United Kingdom, and
India also rank among the most productive countries, although with slightly lower shares
compared to the two leaders. This scenario indicates that, in certain nations, the topic has
already become a significant concern in the academic agenda. Conversely, countries such
as Brazil, Australia, Denmark, and others still show relatively modest publication levels,
highlighting both opportunities and the need to foster research in these contexts.
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Figure 2. Geographical analysis. Source: Authors (2025).

Regarding the temporal distribution, there has been a significant increase in the
number of publications over the years, as illustrated in Figure 3. This growth has been
particularly pronounced since 2020, reflecting the emerging nature of the topic. The year
2024 recorded the highest volume of works to date, marking a peak in research activity.
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Figure 3. Temporal distribution. Source: Authors (2025).

The review was completed in July 2025, ensuring that the most recent publications
were captured up to this date. This timing reinforces the contemporaneity of the analysis, as
several studies published in 2025 were already indexed and included. Minor adjustments
were made to ensure temporal consistency across the text and figures, thereby maintaining
alignment between the reported period of data collection and the latest referenced works.

The reviewed studies span from 2007 to 2025, with a noticeable surge after 2020,
reflecting the accelerating intersection between sustainability and artificial intelligence (AI).
The predominance of research in China and Iran can be partially attributed to national
initiatives promoting circular economy and AI-driven industry, such as China’s 14th Five-
Year Plan emphasizing green manufacturing and Iran’s growing recycling and waste
management programs. These institutional incentives appear to have fostered scientific
output in machine learning for reverse logistics.

Regarding journals, as shown in Figure 4, Annals of Operations Research stands
out, followed by Sustainability. Other journals also show relevant publication numbers,
although to a lesser extent. Additionally, there is a considerable group of journals that
contributed only one article each, indicating the dispersion of the topic across different
fields of knowledge. It is also noteworthy that the most representative journals focus
on both computing and sustainability, highlighting the interdisciplinary nature and the
intersection between technology and environmental issues that underpin the discussion of
ML applied to RL.

3.2. Content Analysis

The content analysis was organized according to the proposed research questions.

3.2.1. RQ1: Which ML Techniques Are Most Frequently Applied in RL Processes?

The machine learning techniques most frequently applied in reverse logistics vary
according to the specific objective of each study. Overall, supervised learning models
remain predominant (approximately 40%), followed closely by unsupervised learning
methods (around 36%), while reinforcement learning accounts for roughly 15% of applica-
tions as shown in Figure 5. This confirms that supervised and unsupervised paradigms
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form the methodological backbone of current research, whereas reinforcement learning,
though less common, is steadily gaining traction—particularly in dynamic optimization
and routing contexts.
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Figure 4. Distribution by journal. Source: Authors (2025).
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Figure 5. Distribution by type of machine learning model. Source: Authors (2025).

Among supervised approaches, artificial neural networks (ANN) dominate, especially
in forecasting tasks where non-linear relationships are common. Decision trees and random
forests are also employed for classification and decision support. Unsupervised methods,
such as clustering and dimensionality reduction, are increasingly used for data segmen-
tation and exploratory analysis. Reinforcement learning stands out as a growing area for
solving adaptive logistics problems under uncertainty, supported by recent advances in
simulation and digital twin environments.
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Decision tree methods, in turn, are prominent in classification tasks, such as identifying
waste categories or prioritizing alternatives in decision-making processes. In contexts
involving uncertainty, fuzzy methods are used to address variability, contributing to
greater robustness of the developed models. This landscape aligns with global trends that
highlight the advancement of ANN-based techniques, especially in applications involving
large volumes of data and high complexity, such as automated waste classification and
forecasting of return flows [5,8]. Figure 6 presents the distribution of the different models
used in the analyzed articles. It is also worth noting that many studies do not clearly specify
the model employed, which undermines the transparency and replicability of results.
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40%

Figure 6. Distribution by model. Source: Authors (2025).

An important observation is that nearly one-third of the studies failed to explicitly
state the type of ML model employed, classifying them as “unspecified.” In most of
these cases, the papers referred to generic “predictive models” or “machine learning
algorithms” without further detail. This lack of transparency hampers replicability and
comparative evaluation, highlighting the urgent need for clearer reporting standards and
model documentation practices in ML-based reverse logistics research.

3.2.2. RQ2: What Are the Main Objectives for Using ML in Reverse Logistics?

From the reading and analysis of the 52 included articles, a recurring pattern in the
literature on ML and RL was identified. Based on this, the articles were classified into
categories according to how ML is applied within the RL context. Table 2 presents these
categories along with the corresponding articles.

Table 2. Categorization of included articles.

Category Articles

Forecasting [19–29]
Optimization [30–38]

Reliability [39–42]
Pricing [43–46]

Classification [47–51]
Consumers [26,52–55]

Source: Authors (2025).
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The dominance of forecasting applications can be attributed to the intrinsic uncer-
tainty of reverse logistics flows, where predicting product returns or waste generation is
essential for planning. ANN-based models are particularly effective due to their ability
to capture non-linear patterns and temporal dependencies, explaining their prevalence
in predictive studies. In contrast, reinforcement learning techniques are less frequent but
offer high potential in adaptive decision-making, such as optimizing collection routes or
remanufacturing schedules, where feedback from dynamic environments can be leveraged
for continuous improvement. This contrast illustrates the dual evolution of ML in RL: from
predictive analytics toward prescriptive and autonomous learning.

A total of six main categories were identified. The most representative is forecasting,
comprising 10 articles. In this category, studies seek to leverage the predictive capabilities
of ML, proposing models to forecast parameters relevant to RL. For example, Fernandes de
Souza et al. [22] developed a model to predict end-of-life vehicle generation, combining
ARIMA and ANN models and achieving superior performance compared to other methods.
Bittencourt et al. [20] proposed an ANN model to forecast the generation of end-of-life tires,
while Temur and Bolat [29] used ANN to predict WEEE generation. Thus, the studies in
this category emphasize the potential of ML in predictive tasks.

The second most frequent category is optimization. Articles in this group em-
ploy ML to support the search for optimal solutions to optimization problems. For in-
stance, Gutierrez-Franco, Mejia-Argueta e Rabelo [33] used deep reinforcement learn-
ing to train logistics policies in combination with optimization and simulation methods;
Achamrah et al. [30] applied reinforcement learning for route selection, and Wang et al. [37]
also used reinforcement learning for inventory control in CLSCs. Overall, reinforcement
learning predominates as a tool to support optimization.

The classification category includes studies that use ML to support decision-making
involving multiple criteria, such as alternative selection, risk prioritization [47,49,51], or
waste classification from images [48].

The reliability category covers works focused on predicting equipment failures and
repair needs [39,40,42], as well as estimating component lifetimes [41].

The pricing category comprises research aimed at determining the value of second-
hand products, applying ML models to price used items [43–46].

Finally, the consumer category includes studies that assess consumer behavior using
data from social networks and questionnaires to understand product return patterns and
attitudes toward reverse logistics.

Overall, the application of ML in RL is heavily concentrated in forecasting, followed by
optimization and classification, along with applications in reliability, pricing, and consumer
analysis. These findings reinforce the central role of forecasting (e.g., demand prediction,
product returns, waste generation) as one of the main challenges in RL, as highlighted
by Raut et al. [9] and Oluleye et al. [8]. The growing interest in optimization reflects the
pursuit of more efficient routes, cost reduction, and better resource allocation—classic
logistics topics that gain greater complexity in reverse supply chains due to uncertainty
and variability. The use of ML for classification and consumer analysis signals a recent
expansion, with advances in return segmentation, opinion analysis, and second-hand
product pricing, indicating the maturation and diversification of research objectives in
the field.

3.2.3. RQ3: What Performance and Validation Metrics Are Reported in Studies on ML
Applied to RL?

Regarding evaluation metrics, there is a predominance of traditional ML indicators,
such as MAPE, MAD, and MSE (error measures) for forecasting tasks, as well as Accuracy
and F1-score for classification, in addition to metrics such as total cost and emissions for
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assessing operational and environmental impacts. This pattern is consistent with what has
been observed in other domains of supply chain analytics, as noted by Boujarif et al. [39],
Rezaei Zeynali et al. [51] and Fernandes de Souza et al. [22].

However, a notable gap exists: few studies propose or employ metrics specifically
designed to assess social impacts, long-term environmental effects, or the systemic per-
formance of reverse supply chains. Most works focus on conventional indicators, often
limiting the analysis to isolated aspects such as model accuracy or immediate costs. This
limitation may compromise the holistic evaluation of implemented solutions, as RL is intrin-
sically linked to promoting the circular economy, social responsibility, and environmental
sustainability [56]. Consequently, the absence of metrics that capture social externalities
and cumulative environmental impacts can lead to an incomplete understanding of the
true potential of ML-based solutions.

Therefore, there is a clear need to advance the development, adoption, and standard-
ization of multidimensional metrics that integrate economic, social, and environmental
dimensions in the assessment of proposed solutions. Such metrics should be aligned with
the principles of the circular economy and long-term sustainability, enabling researchers
and practitioners to identify trade-offs and synergies among different objectives. Further-
more, the inclusion of systemic indicators—such as resilience, circularity, or stakeholder
integration—can contribute to a more realistic evaluation, better aligned with contemporary
challenges in reverse supply chains.

3.2.4. RQ4: What Are the Main Challenges and Limitations Encountered in Applying ML
to RL?

Table 3 presents the main challenges identified in applying machine learning tech-
niques to reverse logistics processes, as discussed in the recent literature. Among the most
recurrent challenges, data scarcity and quality stand out. Due to the irregular, heteroge-
neous, and often non-traceable nature of return flows, as well as the dispersion of historical
data across different systems (ERP, carriers, sorting centers, and 3PL providers), data gaps
and inconsistent formats are common. These limitations negatively affect the reliability of
models, which may end up learning weak patterns, and also demand significant effort in
data cleaning and standardization [19,27].

Table 3. Main limitations found in the articles.

Challenge Description Consequences Articles

Data scarcity/quality

Return flows are irregular,
heterogeneous, and often

untracked; historical data are
distributed across ERP

systems, carriers, sorting
centers, and 3PL providers,

resulting in gaps and
disparate formats.

Models learn low-reliability
patterns; intensive data

cleaning required.
[19,27]

Uncertainties
Abrupt changes in operational
reality can alter the behavior of

certain variables.

Predictive models become
obsolete → forecast errors above
50%; optimized routing based on

“outdated” demand increases
empty mileage.

[22]

Computational cost in
hybrid models

Robust models can be highly
demanding in

computational terms.

Execution time can increase from
minutes to hours/days →

impractical for daily
decision-making; energy and

cloud consumption raise
operational costs.

[51]

Source: Authors (2025).

Another major challenge relates to uncertainties, such as abrupt changes in operational
reality, which can drastically alter the behavior of the variables under analysis. This may
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lead to the rapid obsolescence of predictive models, with forecast errors exceeding 50% in
some cases, as well as undermine the efficiency of routing and planning strategies based
on historical data [22].

Finally, the high computational cost associated with implementing hybrid and robust
models is also noteworthy. In cases requiring substantial processing capacity, execution
times may extend from minutes to several hours or even days, rendering them impractical
for daily decision-making applications. Furthermore, the high energy consumption and
cloud resource usage increase the operational cost of proposed solutions [51].

These challenges directly underpin the research gaps discussed in the following section.
For instance, data scarcity and uncertainty motivate the development of standardized
metadata and real-time data pipelines, while high computational costs highlight the need
for lightweight, energy-efficient hybrid models. Bridging these issues represents a necessary
step toward robust, transparent, and sustainable ML applications in reverse logistics.

3.2.5. RQ5: What Methodological and Technological Gaps Emerge from Literature,
Indicating Opportunities for Future Research?

Table 4 summarizes the main research gaps currently identified in the literature on ML
applications in RL, along with suggested directions and promising lines of investigation to
advance the field.

Table 4. Identified research gaps.

Research Gap Current Shortcoming Inspiration/Promising
Research Directions

Explicit uncertainty modeling
In some cases, uncertainties are modeled,

but more in-depth discussion on this
aspect is lacking.

Use and comparison of models
considering uncertainties, including

fuzzy, grey systems, and others.

Real-time pipelines (streaming) Most prototypes run on historical data
instead of real-time data collection. Digital twin implementation.

Hybrid ML Few studies combine more than one type
of ML.

Use of supervised and unsupervised
learning models together.

Metadata standards & FAIR data Lack of formal descriptions: data origin,
processing, licenses.

Implementation of standardized
metadata (e.g., schema.org, JSON-LD)

and creation of dataset cards specifically
for reverse logistics, facilitating

transparency and data reuse.

Public, multi-scale benchmarks
Data repository models are not

standardized, and there is a lack of
public databases.

Government repositories
(e.g., E-waste Monitor).

Explainable AI (XAI) applied to RL Integrating XAI to accelerate
interpretation of results is promising.

Application of SHAP to MILP for
post-model analysis; visual analytics in

reverse transport dashboards.

Deep ML + simulation integration

Connections remain “external”:
simulation generates data, ML predicts,

and then optimization decides
(serial pipelines).

Advanced integration: co-simulation
DES–ReL, Sim2Real ReL (training in ABS
and applying in operation), and federated
digital twin frameworks with embedded

ML, overcoming serial pipelines.

Source: Authors (2025).

Among the most notable gaps is the explicit modeling of uncertainties. Although
some approaches address uncertainty through fuzzy methods or grey systems, in-depth
discussions on the impact of these uncertainties on ML models applied to RL remain rare.
Progress in this area requires systematic comparison of different methods under uncertain
scenarios, thereby strengthening the robustness of proposed solutions.

Another recurring gap is the lack of real-time pipelines. Most reported prototypes
and studies operate on historical data, failing to leverage the potential of real-time data
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collection and analysis, which limits the applicability of solutions in dynamic environments.
The use of digital twins emerges as a promising line of research to address this challenge.

The topic of hybrid ML also deserves attention, as few studies combine supervised,
reinforcement, and unsupervised models within a single architecture—an approach that
could enhance the ability to handle multiple data types and complex tasks.

It is also recommended to adopt formal metadata standards, such as schema.org (a
standardized vocabulary for describing data on the web) and JSON-LD (a lightweight en-
coding format that facilitates data integration and reuse), to ensure greater interoperability
and transparency of RL datasets. Additionally, creating dataset cards specifically for RL
could document the origin, processing, and main characteristics of datasets, promoting
standardization and facilitating data sharing among researchers and practitioners.

The lack of public, multi-scale benchmarks is another significant barrier to RL advance-
ments. Unlike well-established areas of ML, where public datasets allow for standardized
method comparisons, reverse logistics studies often develop proprietary datasets, hindering
comparative evaluation. The creation of open repositories, similar to the E-waste Moni-
tor, could help overcome this limitation, promoting standardization and methodological
progress in the field.

Another emerging topic is explainable AI (XAI) applied to RL. Few works have explored
interpretability methods designed to increase transparency and understanding of ML results,
such as SHAP—which quantifies the influence of each variable on predictions—and visual
analytics in operational dashboards, which leverage interactive visualizations to facilitate
analysis and decision-making.

Future research could explore co-simulation frameworks—which enable the simul-
taneous and coordinated execution of different models (e.g., integrating discrete event
simulation with machine learning and optimization)—as well as federated integration,
which connects multiple systems or platforms in a distributed and collaborative manner
while preserving autonomy and data privacy among stakeholders. Furthermore, adopting
digital twins could operationalize real-time data flows and decision-making, enhancing the
flexibility and intelligence of reverse supply chains.

Based on the challenges identified, several methodological and technological gaps
have been consolidated and structured to facilitate targeted research advancement. Each
gap is described below, accompanied by its significance and possible future directions.

Gap 1—Explicit Uncertainty Modeling: Few studies systematically address uncer-
tainty propagation in ML models applied to RL. Future research should compare alternative
approaches—such as fuzzy logic, grey systems, and Bayesian inference—to evaluate ro-
bustness under uncertain demand and return conditions.

Gap 2—Real-Time Pipelines: Most prototypes rely on historical datasets. Incorporating
real-time data acquisition and analysis through digital twin architectures could enable
adaptive and resilient decision-making.

Gap 3—Hybrid ML Architectures: Integration of supervised, unsupervised, and
reinforcement learning in unified frameworks remains limited. Combining them could
enhance both predictive accuracy and adaptability.

Gap 4—Metadata Standards and FAIR Data: Lack of dataset transparency persists. The
adoption of schema.org, JSON-LD, and dataset cards for RL would improve interoperability
and reproducibility.

Gap 5—Public Benchmarks: The absence of open, multi-scale datasets prevents cross-
comparison. Establishing standardized repositories akin to the E-waste Monitor would
advance the field.
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Gap 6—Explainable AI (XAI): Interpretability is critical for managerial trust. Apply-
ing SHAP or visual analytics to operational dashboards could foster understanding of
model behavior.

Gap 7—Deep ML and Simulation Integration: Current ML–simulation couplings
remain sequential. Developing co-simulation and federated digital twin frameworks can
bridge predictive and operational layers in real time.

4. Conclusions
This study presented a comprehensive overview of the application of ML techniques

in RL, highlighting advancements, challenges, and research opportunities. The analysis re-
vealed that the most frequent approaches focus on return and waste generation forecasting,
process optimization, alternative classification, pricing, reliability, and consumer behavior
analysis. Among the most commonly used techniques are ANN, reinforcement learning
methods, DL, and, more recently, tree-based algorithms.

Despite the progress observed, significant challenges remain, particularly regarding
the scarcity and quality of available data, the presence of uncertainties, and the high com-
putational cost of robust models. Another critical issue is the predominance of traditional
evaluation metrics, with little attention given to multidimensional indicators that encom-
pass social and long-term environmental aspects, as well as the systemic performance
of reverse supply chains. The gap analysis points to the need for advances in explicit
uncertainty modeling, metadata standardization (including the adoption of schema.org,
JSON-LD, and dataset cards), the creation of public benchmarks, and deeper integration
between ML, simulation, and digital twin frameworks.

Promising opportunities for future research include the development of real-time
pipelines, the use of co-simulation between discrete event simulations and reinforcement
learning, and the strengthening of explainability through methods such as SHAP applied
to optimization models and visual analytics in operational dashboards. Such advances are
essential for promoting more robust, transparent solutions aligned with the principles of
the circular economy and sustainability.

In summary, consolidating ML in reverse logistics requires joint efforts to overcome
technical challenges, create open standards and benchmarks, and promote metrics that
reflect the real impact of implemented solutions. Integrating these guidelines can drive
not only scientific progress but also the practical and sustainable application of ML in
reverse supply chains, contributing to more efficient, responsible, and innovative waste
management within the circular economy context.

The findings of this systematic review advance both theoretical and practical under-
standing at the intersection of ML and RL. By compiling and analyzing the main techniques,
objectives, metrics, and challenges reported in the literature, this article provides an up-to-
date overview of the field’s maturity stage, explicitly identifying methodological gaps and
categorizing different types of studies and their levels of maturity. Mapping predominant
approaches and identifying future opportunities contribute to a more structured research
agenda, guiding future investigations capable of comparing and testing methods across
different RL contexts.

From a practical perspective, the results of this study offer valuable insights for practi-
tioners, organizations, and policymakers. The identification of the most used techniques
and key challenges can help managers select and implement ML solutions suited to their
needs, while also highlighting operational barriers and risks that may affect project success.
The emphasis on system integration, data quality, and the adoption of metrics aligned
with sustainability goals supports strategic decision-making and investment in reverse
supply chains. Furthermore, by pointing to technological trends such as real-time pipelines,
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digital twins, and XAI applications, the article signals transformations that can enhance
operational efficiency, transparency, and sustainability in logistics operations, delivering
economic, environmental, and social benefits.

As a limitation, this study was restricted to articles indexed in Scopus and Web of
Science, which may have led to the exclusion of relevant works from other sources. In
addition, the dynamic and innovative nature of the field means that developments not yet
documented at the time of this analysis may have emerged since.

No formal risk of bias assessment tool was applied to the included studies, as the
objective of this review was to provide a descriptive synthesis of machine learning appli-
cations in reverse logistics. However, to reduce bias during the review process itself, the
screening and data extraction performed by one author were subsequently reviewed and
validated by the co-authors to ensure consistency with the eligibility criteria.

Based on the synthesized findings, this review establishes a targeted research agenda
derived from the observed gaps and trends. Future investigations should prioritize

(i) Validation of hybrid ML–RL pipelines under uncertain and dynamic conditions;
(ii) Development of FAIR-compliant and open-access RL datasets with standardized metadata;
(iii) Integration of explainable AI methods to enhance interpretability and managerial trust;
(iv) Implementation of co-simulation frameworks combining ML, simulations, and digital

twins to enable real-time decision-making.

These directions, rooted in the empirical gaps identified in this review, aim to strengthen
the robustness, transparency, and sustainability of ML applications in reverse logistics.
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