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Abstract

The integration of artificial intelligence (AI) into mining, oil and gas, and manu-
facturing industries has created opportunities to improve productivity, efficiency,
safety, and reliability. However, the use of AI also raises concerns related to
trust, transparency, and ethical considerations. This study presents a system-
atic literature review of 87 peer-reviewed studies published between 2010 and
2025, examining how the integration of AI affects trust, transparency, and ethical
considerations across mining, oil and gas, and manufacturing industries. Fol-
lowing PRISMA 2020 guidelines, relevant publications were identified, screened,
and classified based on industry, research focus, methodological approach,
applications, and maturity of deployment.
The analysis reveals clear differences between industries. Manufacturing demon-
strates the highest level of maturity, with strong emphasis on trust, human–robot
collaborative system design, and operational transparency, alongside increasing
adoption of explainable AI (XAI) methods. Oil and gas shows notable use of
XAI driven by safety assurance and risk management requirements, but lim-
ited adoption of AI-specific governance and ethical evaluation. Mining remains
at an earlier stage of AI adoption, focusing primarily on performance reliabil-
ity and safety-critical applications. Overall, the review identifies persistent gaps,
including reliance on post-hoc explainability, limited validation of explanations,
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and underdeveloped regulatory alignment, highlighting the need for integrated
approaches that link trust, transparency, ethics, and governance in industrial AI
systems.

Keywords: Artificial Intelligence, Trustworthy AI, Explainable AI, Mining Industry,
Oil and Gas, Manufacturing

1 Introduction

The integration of AI into industries such as mining, oil and gas, and manufactur-
ing is transforming how operations are planned, monitored, and executed. In this
work, the term “production industries” refers collectively to the mining, oil and gas,
and manufacturing industries. From predictive maintenance and autonomous systems
to process optimization and decision support, AI has the potential to significantly
increase efficiency, safety, and profitability in production industries [1–5]. Currently,
governments and industries are increasingly prioritizing AI as a key driver of compet-
itiveness and sustainability, accelerating its adoption into traditionally conservative
industrial domains [6, 7].

However, alongside these opportunities, there are critical challenges surrounding
trust, transparency, ethics, human-AI collaboration, and governance. Industrial AI
systems can be deployed in high-stakes, safety-critical environments, such as drilling
operations, large-scale manufacturing systems, or resource exploration processes,
where opaque decision-making can undermine human trust and operational safety.
Ethical concerns such as bias in predictive models, worker displacement, data privacy,
and accountability gaps further complicate their broader integration [8–10]. Moreover,
effective human-machine interaction (HMI) and regulatory frameworks are essential
for ensuring technical success as well as acceptance and responsible deployment.

A growing body of literature examines aspects of AI integration across production
industries, but the focus and maturity vary significantly by industry. In the mining
industry, research remains largely conceptual or pilot-scale, with an emphasis on safety
monitoring, exploration and resource estimation, and operational optimization, but
with limited attention to explainability or governance [1, 2, 8, 9, 11–17]. Oil and gas
has a stronger emphasis on risk management, predictive modeling, and ethical consid-
erations, particularly regarding safety and environmental risks, but formal adoption
of Explainable AI (XAI) methods and structured HMI frameworks remains scattered
[3, 6, 18–25]. In manufacturing, there is broader coverage of AI, including XAI tech-
niques, collaborative robotics, and emerging regulatory discussions. However, even in
manufacturing, implementations are fragmented and often technology-driven rather
than human or governance-centered [5, 7, 10, 26–56].

Across production industries, XAI consistently emerges in the literature as a key
strategy to improve trust and transparency in AI systems. Many studies propose or
discuss XAI methods such as model-agnostic explainers, visualization techniques, or
interpretable model architectures as potential solutions to bridge the gap between
complex AI models and human understanding. Despite this, most applications remain
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at the conceptual or early experimental stage, with limited evidence of systematic or
industry-wide integration.

Five major themes can be identified across the literature.

1. Trust and transparency: While widely acknowledged as essential, most approaches
rely on technical performance or post-hoc explanations, rather than embedding
explainability and interpretability into system design.

2. Ethics: Ethical discussions remain conceptual and lack actionable frameworks, with
limited industry-specific adaptation.

3. Explainable AI: XAI appears consistently in the literature as a proposed means to
enhance transparency and trust, yet it remains a conceptual addition rather than
a systematically integrated component of industrial AI systems.

4. Human-machine interaction: HMI is largely underexplored outside of manufactur-
ing, with mining and oil and gas focusing on automation rather than collaboration.

5. Regulation and governance: There is an absence of clear regulatory alignment or
governance mechanisms, especially in mining and oil and gas, where deployment
often outpaces oversight.

Despite a growing interest in responsible AI, no systematic review currently synthe-
sizes how trust, ethics, XAI, HMI, and governance are addressed across the mining, oil
and gas, and manufacturing industries. Existing reviews primarily focus on individual
technologies, single industries, or narrow ethical dimensions [10, 25, 57]. As a result,
there is limited understanding of cross-industry challenges, transferable solutions, and
industry-specific gaps.

This paper addresses this gap by conducting a systematic review of academic
literature on AI integration across these three production industries, focusing on
trust/transparency, ethics, XAI, HMI, and regulations. By analyzing over 80 papers
related to AI and production industries published since 2010, this review provides:

• A structured synthesis of current practices in each industry;
• Identification of gaps and limitations in how responsible AI aspects, including XAI,

are deployed;
• A comparative analysis highlighting differences and commonalities across industries;

and
• Recommendations for future research and policy directions to support responsible

and trustworthy adoption of AI in the production industries.

2 Background

The application of AI across production industries has grown substantially over the
past decade, driven by advances in automation, data analytics, and sensing technolo-
gies. However, the extent and maturity of AI adoption differ across these industries
due to their distinct operational risks, data environments, and regulatory contexts.
Although AI promises greater safety, efficiency, and sustainability, the recent literature
emphasizes that these benefits can only be realized if the issues of trust, transparency,
and ethical accountability are addressed [1, 2].
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2.1 AI in the Mining Industry

AI research in mining has focused mainly on predictive analytics, resource estima-
tion, and safety monitoring [1, 11, 14, 58]. These applications aim to lower operational
risks and improve efficiency through data-driven insights. However, explainability and
transparency have not been explored in these studies, and the development of respon-
sible AI frameworks is at a very early stage. A few recent works have begun to discuss
ethical implications such as data privacy and the social effect of automation [9, 17],
but systematic approaches to governance or human–AI collaboration remain limited.

2.2 AI in the Oil and Gas Industry

In the oil and gas industry, AI has been widely used for predictive maintenance,
reservoir modeling, and risk assessment [3, 19]. As these applications directly affect
safety-critical operations, several studies highlight the importance of transparency
and reliability [3, 19, 22, 59]. Furthermore, ethical and environmental considerations
are also increasingly discussed in connection with AI-based decision support [6, 21].
Although XAI has been identified as a potential tool to enhance operator confidence,
practical implementation remains limited, and regulatory frameworks for AI usage are
at an initial stage.

2.3 AI in the Manufacturing Industry

Among the production industries studied, manufacturing demonstrates the deep-
est and most mature integration of AI. Applications include predictive quality
control, process optimization, and collaborative robotics [26, 31, 60]. In this indus-
try, explainability and transparency have gained traction, with multiple studies in
which interpretable models and human-in-the-loop frameworks have been investigated
[36, 37, 61–63]. The discussion of ethics and regulations is more evident in this industry,
particularly in relation to HMI and the challenges of standardization to operational
workflows and AI-integration [46, 64]. Despite this progress, research is still somewhat
fragmented, and comprehensive governance frameworks are still underdeveloped.

While each industry has explored AI integration to different extents, the broader
understanding of how trust, ethics, explainability, HMI, and governance are put into
practice remains incomplete. Existing studies tend to focus on a specific issue or a
single industry, providing limited insight into transferable lessons or cross-industry
patterns. This gap is indicative of the need for a systematic review that consoli-
dates current evidence and compares the maturity, challenges, and opportunities for
responsible AI adoption across mining, oil and gas, and manufacturing industries.

3 Methodology

This systematic review follows a structured and transparent process to identify, select,
and analyze scientific literature addressing the impact of AI integration within three
production industries: mining, oil and gas, and manufacturing.
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3.1 Study Design

To conduct this review, we applied a clearly defined multi-step process led by
established guidelines for systematic literature reviews [65] and aligned with the
PRISMA 2020 reporting framework [66] to ensure transparency and reproducibility.
All steps were carried out between May 2025 and January 2026. The overall design is
summarized below:

1. Research Questions: We formulated eight research questions addressing trust and
transparency, ethics, explainable AI, human–robot interaction, governance frame-
works, maturity and real-world deployment, future opportunities and challenges,
and the geographical and institutional distribution of research.

2. Literature Search Strategy: A systematic search strategy was developed to identify
relevant peer-reviewed academic publications in two major databases (Scopus and
Web of Science), using industry-specific keyword combinations.

3. Data Cleaning and Eligibility Criteria: Inclusion and exclusion criteria were defined
to ensure that only credible sources were considered. These criteria covered
publication type, language, time frame, industrial domain, and thematic relevance.

4. Screening and Relevance Identification: Both manual and AI-assisted screening
(using the ASReview tool [67]) were applied to remove duplicates, exclude irrelevant
papers, and identify the most relevant studies for further analysis.

5. Data Extraction: Data were systematically extracted using a structured template
capturing thematic elements such as trust/transparency vs. ethics, XAI usage,
HMI, governance, maturity levels, real-world implementations, and opportuni-
ties/challenges.

6. Data Analysis: Descriptive and thematic analyses were performed to identify recur-
ring patterns, trends, and gaps across the three industries, enabling a deeper
understanding of how AI integration is conceptualized and operationalized in
different contexts.

The following sections provide detailed descriptions of each step.

3.2 Research Questions

The review focuses on understanding how the integration of AI affects issues of
trust/transparency, ethics, and related governance mechanisms across the selected
industries. Specifically, the research is guided by the following questions:

1. RQ1: How does the integration of AI technologies affect public trust or transparency
in mining, oil and gas, and manufacturing industries and what factors influence
them?

2. RQ2: What ethical considerations arise from AI deployment in these production
industries, and how are they discussed in the literature?

3. RQ3: To what extent is XAI adopted to support transparency, trust, or ethical
decision-making in production industries?

4. RQ4: How is HMI discussed in relation to building trustworthy human–AI
collaboration?
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5. RQ5: What governance or regulatory frameworks are discussed or proposed for AI
use in production industries?

6. RQ6: What is the maturity level (e.g., conceptual, proposed, pilot-tested, imple-
mented) of AI, XAI, and governance approaches in these industries, and what
real-world implementations or evidence of effectiveness have been reported?

7. RQ7: What opportunities and challenges are identified for responsible and trust-
worthy future AI integration across these industries?

8. RQ8: How is AI-related research in mining, oil and gas, and manufacturing dis-
tributed over time, across countries, and among different institutional affiliations?

This structured set of research questions facilitates a comprehensive assessment of
both the theoretical and practical dimensions of AI integration, as well as forward-
looking implications for industry adoption and policy development.

3.3 Literature Search Strategy

The literature search targeted peer-reviewed English-language publications published
since 2010 in two leading bibliographic and citation indexing databases: Scopus and
Web of Science.

The search strategy combined three sets of terms to capture relevant literature
across domains:

1. AI-related terms: “artificial intelligence”, “AI”, “machine learning”, “deep learn-
ing”, “autonomous systems”

2. Societal and governance terms: “trust”, “trustworthiness”, “public perception”,
“transparency”, “ethics”, “credibility”

3. Industry-specific terms: “mining”, “oil and gas”, “manufacturing”, “production”

An example search query for the oil and gas industry is shown below:
(“artificial intelligence” OR “AI” OR “machine learning” OR “deep learning”)

AND (“trust” OR “trustworthiness” OR “public perception” OR “ethics” OR
“credibility”) AND (“oil” AND “gas”)

Similar structures were applied for mining and manufacturing, with mining-related
searches excluding unrelated domains such as “data mining”, “text mining”, “bitcoin
mining” to identify related publications.

The search returned a total of 3,327 publications across the two indexing databases,
with the following breakdown shown in Table 1:

Table 1: Number of publications identified from Scopus and
Web of Science

Topic Scopus Web of Science

Mining 221 101

Oil and Gas 62 19

Manufacturing 1,972 952

Total 2,255 1072
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3.4 Data Cleaning and Eligibility Criteria

After keyword-based search, the resulting publications underwent a two-step filtering
process:

1. Duplicate and retraction removal: Duplicates between Scopus and Web of Science
were eliminated. Retracted papers were excluded for academic integrity.

2. Eligibility criteria: Inclusion was limited to peer-reviewed journal articles, confer-
ence papers, or book chapters that were written in English, published from 2010
onward, and discussed AI integration within at least one of the three industries.

3.5 Screening and Relevance Identification

The overall screening process, including record identification, duplicate removal, eli-
gibility assessment, and final inclusion, followed the PRISMA 2020 guidelines. The
complete workflow is illustrated in Figure 1, which summarizes the progression from
the initial dataset of 3,327 records to the final set of 87 studies included in the
review. Screening was conducted in two different methods, depending on the size of
the retrieved dataset in each industry:

• Manual screening: Used for oil and gas and mining literature. Titles, abstracts, and
where necessary full texts were reviewed to assess relevance to the research questions.

• AI-assisted screening using ASReview: For the large manufacturing and production
dataset, the ASReview active learning tool was employed to efficiently prioritize
relevant studies. The system iteratively ranked papers based on manual relevance
labels until the stopping criterion was met (20 consecutive irrelevant papers in this
occasion).

For the manufacturing dataset, ASReview was used to accelerate the screening pro-
cess, since manual review alone would have been significantly more time-consuming.
The procedure began with the manual labelling of a small set of papers as relevant or
not relevant. Using these initial labels, ASReview ranked the remaining papers based
on their estimated likelihood of relevance. The highest-ranked paper was then man-
ually reviewed and assigned a relevance label, after which the system automatically
updated the ranking. This iterative manual–AI hybrid process continued until 20 con-
secutive papers were identified as irrelevant, at which point all remaining papers were
excluded from further screening.

To ensure the reliability of the ASReview process, we validated its performance
using the oil and gas and mining datasets, which were initially screened manually.
These same datasets were later processed through ASReview, and the tool’s selec-
tions closely matched the manual decisions. This confirmed that ASReview performed
acceptably and could be confidently applied to the much larger manufacturing dataset.

The total number of relevant papers identified after screening is summarized in
Table 2:
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Table 2: Screening results across industries

Industry Total Papers After Cleaning Relevant Papers Full text accessed

Mining 322 195 14 13

Oil and Gas 81 56 17 12

Manufacturing/Production 2,924 2,015 89 62

Total 3,327 2,266 120 87

3.6 Data Extraction

Data extraction was conducted using the systematic review management platform
DistillerSR [68]. Three distinct extraction forms were used:

1. Bibliographic and contextual information: The first form captured basic metadata
for each paper, including title, authors, publication year, source type (journal,
conference, or book chapter), and country.

2. Core thematic content: The second form focused on the core contribution and
thematic relevance of each paper. Each paper was coded according to whether its
primary focus was on trust/transparency or ethics. Additional coding captured
whether the paper discussed or applied XAI methods, addressed HMI, or included
regulatory or governance perspectives. Follow-up questions were used to document
the nature and depth of these discussions, such as the type of XAI techniques used,
the framing of ethical issues, or the scope of regulatory frameworks considered.

3. Maturity, opportunities, and challenges: The third form assessed the maturity level
of the AI applications or frameworks described (conceptual, proposed, pilot-tested,
or implemented) and extracted any explicit mentions of future opportunities or
challenges related to trust, ethics, XAI, HMI, or governance. This allowed for
the systematic identification of trends across different levels of technological and
organizational adoption.

The use of multiple customized forms enabled a structured, layered approach to
data capture, ensuring that both descriptive and analytical dimensions were system-
atically covered. All papers were reviewed and coded, with ongoing consistency checks
to ensure stable interpretation and classification throughout the extraction process.

3.7 Data Analysis

Data analysis followed a combination of descriptive and thematic evaluation
approaches. First, descriptive statistics were compiled to provide an overview, includ-
ing trends in publication over time, industry distribution, and the prevalence of themes
related to trust, ethics, XAI, HMI, and governance, answering the last research ques-
tion (RQ8) in Section III.B. This provided a quantitative foundation for understanding
how the focus of research varies between industries and how it varies over time.

Second, thematic analysis was performed to identify recurring patterns and concep-
tual trends across and within the three industries. The thematic coding was directly
aligned with the research questions one to seven (RQ1 to RQ7) outlined in Section
III.B.
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Fig. 1: PRISMA 2020 flow diagram for systematic reviews which included searches
of databases and registers only

Comparative thematic mapping was then conducted to highlight similarities and
differences between mining, oil and gas, and manufacturing. This involved identify-
ing both common cross-industry trends (e.g., widespread conceptual focus on XAI
but limited real-world implementation) and industry-specific gaps (e.g., limited HMI
discussions in mining). These thematic insights form the basis of the results and dis-
cussion sections, providing a structured overview of the state of research regarding
responsible AI integration in production industries.
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4 Comparative Analysis Results

This section presents a comparative analysis of AI integration within the three major
production industries across five thematic dimensions: trust and transparency, ethics,
XAI, HMI, and regulations and governance.

To visualize the distribution of these themes, a Sankey diagram is presented in
Figure 2. The diagram illustrates how research emphasis flows across industries, indi-
cating that manufacturing contributes the largest share of studies related to trust and
HMI, oil and gas demonstrates the strongest concentration of XAI-focused work, and
mining shows a narrower but safety-driven thematic profile. The width of each flow
corresponds to the number of papers addressing each theme, making visible the imbal-
ance and fragmentation of AI research across industries. In the figure, the total count
across themes is greater than 87 because a single paper can be categorized under mul-
tiple themes. For example, if a study addresses both trust and XAI, it is counted once
in each category.

Fig. 2: Sankey diagram for main themes

4.1 Trust and Transparency

Trust and transparency represent the foundation for responsible AI adoption across
all production industries, yet their meaning and implementation differ according to
each industry’s operational environment. Quantitatively, trust and transparency are
discussed in 62% of mining papers, 92% of oil and gas papers, and 94% of manufactur-
ing papers. Despite this broad attention, the way these concepts are conceptualized
and operationalized differs considerably from one industry to another.
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In the mining industry, discussions of trust primarily focus on safety assurance
and the reliability of predictive systems used for ground stability monitoring, ore-
grade estimation, and haul-truck automation. Many studies emphasize the need for
uncertainty quantification, anomaly detection, and interpretable alerts to improve con-
fidence in model outputs [1, 8, 9, 11, 15, 69, 70]. Transparency, in this context, is
often defined in technical terms, such as traceability, auditability, and parameter sen-
sitivity, rather than in relation to human interpretability or user trust [8, 9, 15, 70].
The focus remains on how well autonomous systems perform under operational uncer-
tainty, indicating that trust is still treated largely as a function of reliability rather
than interactive understanding.

The oil and gas industry presents a different narrative. Here, trust is mainly consid-
ered from a risk-focused and compliance-oriented perspective. Studies link trustworthy
AI to accountability mechanisms within safety-critical applications, including drilling
control, leak prediction, and asset integrity management [3, 19, 23, 59, 71]. Trans-
parency is used as a regulatory instrument rather than a feature of user-facing design,
enabling verification of AI-generated decisions through traceability logs, data lineage
records, and validation protocols [19, 23, 59]. In oil and gas, explainability is explic-
itly connected to verification and audit processes, supporting both internal governance
and external compliance requirements.

Manufacturing demonstrates a more developed and practically applied approach
to trust and transparency. Across a wide range of applications, including predictive
maintenance, quality inspection, scheduling, and collaborative production systems,
transparency is increasingly embedded into operator-facing decision-support tools.
Explanations are integrated into dashboards and interactive interfaces to support real-
time oversight, diagnosis, and intervention [7, 32, 47, 72–76]. Trust is treated as a
dynamic attribute that evolves through continuous interaction, feedback, and demon-
strated system behavior, rather than as a static consequence of model accuracy alone
[32, 61]. This reflects a shift toward human-centered transparency mechanisms that
support effective human–AI collaboration in production environments.

Across the three industries considered, a number of recurring factors consistently
shape and influence trust and transparency. These include the stability and consis-
tency of explanations, the perceived reliability of models under changing conditions,
and the extent to which decision-making processes align with human mental models
and established safety case frameworks. Representative examples include uncertainty-
aware dashboards in mining [11], management of change explanation logs and audit
trails in oil and gas [23, 71], and saliency-based visual feedback systems and interactive
explanation interfaces in manufacturing [7, 32]. Although manufacturing increasingly
evaluates these factors empirically, mining and oil and gas continue to approach trust
mainly through performance metrics and compliance requirements.

Overall, mining frames trust largely in terms of technical reliability, oil and gas
aligns it with regulatory accountability and risk management, and manufacturing
treats trust and transparency as design attributes necessary for effective human–AI
collaboration. Together, these perspectives illustrate a gradual shift across industries
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from performance-based trust toward more transparent, participatory, and human-
aligned AI systems, while also revealing uneven progress in how trust is operationalized
and validated in practice.

4.2 Ethics

Ethical considerations represent an essential dimension of responsible AI deployment
but remain unevenly addressed across production industries analyzed. Quantitatively,
39% of mining papers, 8% of oil and gas papers, and 13% of manufacturing papers
discuss ethical issues explicitly. Where present, ethical analyses tend to be mostly the-
oretical, focusing on moral principles and values rather than on measurable evaluation
frameworks or applied audits.

In the mining industry, ethics are frequently tied to community impact, environ-
mental protection, and responsible resource extraction [2, 15]. Several studies discuss
how AI-driven automation and predictive models influence worker safety, employment
conditions, and the broader social-environmental footprint of mining operations. Ethi-
cal considerations also include transparency in decision-making related to exploration,
extraction, and safety-critical monitoring, particularly where AI outputs may affect
community trust or regulatory approval processes [70]. However, the discussion often
ends with acknowledging these implications rather than implementing them. Practi-
cal frameworks such as fairness metrics, bias detection procedures, or ethical impact
assessments integrated into AI pipelines are largely absent, resulting in a persistent
gap between ethical intent and technical implementation.

In the oil and gas industry, ethical considerations are addressed far less frequently
and are typically embedded within broader discussions of safety, environmental protec-
tion, and operational risk. While studies frame moral responsibility implicitly through
accident prevention, environmental stewardship, and risk mitigation under uncertainty
[3, 24], a small subset of work explicitly engages with ethical aspects of AI-supported
decision-making, particularly in relation to accountability, transparency, and the social
implications of automated control systems [59]. Nevertheless, ethical reasoning in this
industry remains closely aligned with existing safety and compliance frameworks rather
than stand-alone ethical evaluations.

In the manufacturing industry, the development of ethical AI is increasingly dis-
cussed within the context of human-centered automation. Studies examine how AI
systems can support worker well-being, improve workplace ergonomics, and enable fair
and efficient task allocation between humans and machines [72, 73, 77, 78]. Human
oversight, accountability, and the preservation of operator autonomy are recurring
themes, with multiple papers emphasizing that humans should retain ultimate control
over automated decisions, particularly in collaborative and safety-sensitive environ-
ments [32, 47]. However, similar to mining and oil and gas, these discussions rarely
include measurable indicators such as bias testing, transparency audits, or explain-
ability benchmarks, keeping the ethical dimension largely aspirational rather than
operational.

Across all three industries, common ethical themes emerge, including prevention
of harm, fairness, accountability, and human oversight. Privacy-by-design and data
minimization principles are frequently cited as desirable attributes of AI systems but
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Table 3: XAI algorithms used across industries, frequency of implementation, and
corresponding references

Industry XAI Algorithm Count Reference(s)

Mining
SHAP 4 [9, 11, 16, 69]
LIME 1 [12]

Oil and Gas
SHAP 3 [3, 6, 18]
LIME 1 [20]
Counterfactual
Reasoning

2 [19, 20]

Manufacturing

SHAP 14 [51–53, 56, 62, 72, 79–
86]

LIME 6 [46, 62, 72, 79, 86, 87]
Gradient-Based
Methods

1 [81]

Grad-CAM 1 [83]
Decision Trees 1 [61]
Saliency Maps 1 [88]
Class Activation
Maps

1 [26]

GSInquire 1 [5]

are rarely implemented in practice. Collectively, these findings suggest that while
awareness of AI ethics is increasing across production industries, ethics is still largely
treated as a guiding philosophy rather than as a formalized, evidence-based component
of AI system design, deployment, and governance.

4.3 Explainable Artificial Intelligence (XAI)

XAI plays a central role in building transparency and trust in AI-driven decision
systems across production industries. However, its adoption and level of integration
vary substantially among industries. Quantitatively, XAI is discussed in 54% of mining
papers, 92% of oil and gas papers, and 68% of manufacturing papers. Among these,
applied XAI occurs in 47% of mining, 50% of oil and gas, and 39% of manufacturing
papers, while theoretical or conceptual discussions account for 15% in mining, 30% in
oil and gas, and 20% in manufacturing.

In the mining industry, explainability is emerging primarily through post-hoc
visualization methods such as Shapley additive explanations (SHAP) and Local Inter-
pretable Model-agnostic Explanations (LIME), applied to safety prediction, ground
stability analysis, and ore-grade estimation tasks [11, 15, 16, 69]. These methods
aim to identify influential geological or environmental variables affecting model out-
puts and to support safety-oriented decision-making. However, most mining studies
stop at visual explanation without formal validation by human experts, leaving the
interpretability process largely untested in real operational contexts. Consequently,
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explainability in mining is typically treated as an analytical supplement rather than
an operational requirement.

In the oil and gas industry, explainability is more mature and closely aligned with
risk management objectives. Model-agnostic techniques such as SHAP, LIME and
counterfactual reasoning are used to enhance transparency in asset integrity monitor-
ing, fault detection, and safety compliance [3, 6, 18, 19]. Here, the purpose of XAI
extends beyond model debugging; it contributes to verification, audit documentation,
and communication of risk-related insights to engineers and regulators. This integra-
tion of explainability into assurance processes reflects the industry’s broader focus on
traceability and accountability.

Manufacturing exhibits the most integrated and application-oriented use of XAI,
combining visual and statistical interpretability techniques across production diagnos-
tics, process control, quality inspection, and predictive maintenance [26, 29, 46, 47,
51–53, 56, 62, 79–84, 88]. Implemented methods include SHAP, LIME, gradient-based
attribution, decision trees, saliency maps, Grad-CAM, Class activation maps, and
GSInquire, which are often deployed through operator-facing dashboards to support
real-time decision-making [89, 90]. In several implementations, inherently interpretable
models such as decision trees are preferred for tasks including fault classification and
quality assessment, allowing explanations to be derived directly from the model struc-
ture rather than through post-hoc approximation [61, 74]. These studies highlight
explainability as a key facilitator of human–machine collaboration, allowing operators
to understand and act upon AI-generated insights. However, the assessment of the
quality of explanations in real-time, for example, their stability, consistency, or ease
for humans, remains underdeveloped.

The distribution of XAI algorithms across industries, summarized in Table 3,
highlights the predominance of post-hoc and localized explanation techniques that
interpret model outputs after decisions are made rather than embedding interpretabil-
ity at the design stage. Moreover, SHAP dominates XAI implementations across
production industries, particularly in manufacturing, while other methods appear pri-
marily in isolated or task-specific deployments. Very few studies assess the robustness
of explanations under data drift, conduct user-centered evaluations of interpretabil-
ity effectiveness, or integrate XAI outputs into formal governance mechanisms such
as model cards, sign-off templates, or audit checklists. These gaps indicate that while
XAI adoption is expanding across production industries, its practical validation, stan-
dardization, and alignment with human and regulatory requirements remain at an
early stage of development.

4.4 Human–Machine Interaction (HMI)

HMI represents a key component of AI adoption in production industries, shaping how
humans collaborate, supervise, and coexist with intelligent systems. However, its level
of maturity differs significantly across industries. Quantitatively, HMI is discussed in
45% of manufacturing papers and is not presented in the reviewed mining or oil and
gas literature.

In the manufacturing industry, HMI research is relatively mature and closely
linked to the growing presence of collaborative robots, intelligent workstations, and
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AI-assisted decision-support systems on production floors [38, 51, 61, 79, 86, 88, 91].
Studies frequently examine how human operators and robotic or AI-enabled systems
share physical and cognitive workspaces, coordinate tasks, and exchange information
through multi-modal interfaces. Key topics include trust calibration between humans
and autonomous agents, workload management, adaptive role allocation, and safety
in close-proximity operations. Several papers investigate human-in-the-loop control
strategies, where operators supervise, intervene, or override AI-driven decisions during
quality inspection, assembly, or fault diagnosis tasks [62, 79, 88, 92].

Beyond physical human–robot collaboration, a subset of manufacturing studies
extends HMI concepts to human–AI interaction in supervisory and decision-support
settings. These works emphasize interface design, explanation timing, and feedback
mechanisms that allow operators to understand model reasoning, assess confidence,
and adjust their reliance on automated recommendations [61, 80, 81]. Explainability
features—such as visual indicators of system intent, confidence cues, and predictive
alerts—are highlighted as essential for maintaining situational awareness and reduc-
ing operator anxiety [93]. Collectively, these studies demonstrate how transparency,
interaction design, and ergonomics are increasingly treated as integral components of
human-centered automation in manufacturing.

By contrast, mining and oil and gas remain in the early stages of HMI inte-
gration. Most automation in these industries operates through pre-programmed or
supervisory control systems with minimal direct interaction between humans and AI
agents [6, 14]. In mining, where operations are increasingly shifting toward remote and
semi-autonomous modes, the lack of interactive feedback mechanisms poses challenges
for safety monitoring, task supervision, and anomaly response. Similarly, in oil and
gas, autonomous systems are typically embedded within process control or inspection
pipelines, offering limited opportunities for collaborative or adaptive decision-making.
As these industries progress toward more digitalized and interconnected operations,
incorporating structured HMI frameworks such as adaptive autonomy, explainable
alerts, and operator-in-the-loop safety mechanism will become critical to ensuring both
trust and operational resilience.

Overall, the contrast among industries highlights how manufacturing is transition-
ing toward interactive, human-aware automation, while mining and oil and gas remain
dominated by isolated or fully autonomous systems. Bridging this gap could involve
transferring HMI design principles from manufacturing such as adaptive autonomy,
explainable interfaces, and trust calibration mechanisms, into safety-critical mining
and oil and gas field operations, paving the way for safer and more transparent AI
collaboration in industrial contexts.

4.5 Regulations and Governance

Regulatory and governance frameworks are fundamental to accountability in AI-driven
industrial systems. However, their development and formal integration vary widely
across production industries. Quantitatively, governance is discussed in 15% of mining
papers, 8% of oil and gas papers, and 19% of manufacturing papers. Although all three
industries operate under strict safety and compliance mandates, few studies explicitly
extend these frameworks to AI-specific governance or algorithmic transparency.
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In the mining industry, governance discussions are primarily rooted in occupa-
tional safety, environmental protection, and regulatory oversight of resource extraction
[1, 2, 13, 70]. These studies highlight the potential of AI to strengthen monitoring,
hazard prediction, and policy compliance but note a lack of standardized proce-
dures for model accountability. Governance considerations are often framed in terms
of compliance with existing safety regulations rather than proactive AI assurance.
Most initiatives remain reactive, addressing compliance through safety audits rather
than embedding governance mechanisms within the design and deployment of AI sys-
tems. Consequently, formal structures for algorithmic traceability, documentation, or
certification are still underdeveloped.

The oil and gas industry maintains robust regulatory systems for operational safety,
integrity management, and environmental control, and governance-related discussions
are typically embedded within broader safety and risk management frameworks. Most
studies treat these established protocols as implicitly supporting trustworthy AI oper-
ations, particularly through mechanisms such as risk management documentation,
safety barrier verification, and change-control audits [3, 25]. Only a limited subset of
the literature explicitly engages with regulatory alignment in the context of AI-enabled
decision-making [71], highlighting the absence of AI-specific governance structures
despite the industry’s mature compliance environment. This suggests that although
governance frameworks are well established in oil and gas operations, they have not
yet been systematically adapted to accommodate the evolving and adaptive behavior
of AI systems.

Manufacturing shows the most visible progress toward integrating AI with estab-
lished regulatory and governance frameworks. Several studies reference alignment with
international standards, particularly ISO and IEC guidelines for machine safety, qual-
ity assurance, and industrial automation [10, 46, 50, 54]. These studies recognize the
need to extend conventional compliance models to account for AI-driven decision logic,
data dependency, and adaptive system behavior [52, 73, 85, 87]. Moreover, recent
studies emphasize integrating AI governance into existing quality management sys-
tems through documentation practices, version control, traceability requirements, and
explainability audits [94–96]. However, most standards remain focused on mechanical
and process safety, leaving gaps in algorithmic assurance, validation of learning-based
systems, and continuous monitoring of AI performance.

Across all industries, regulatory engagement with AI remains fragmented and often
indirect. While mining and oil and gas continue to rely heavily on conventional safety
compliance and risk-based governance, manufacturing has begun to bridge the gap
between mechanical regulation and algorithmic accountability. To address these gaps,
the development of dedicated AI assurance frameworks covering model documentation,
risk assessment, and interpretability will be essential to ensure transparent, auditable,
and responsible deployment of AI systems in industrial operations.

4.6 Maturity and Deployment

Across the reviewed literature, the level of AI maturity and deployment varies consid-
erably across industries. As summarized in Table 4, the manufacturing industry stands
out as the primary driver of AI development and implementation, demonstrating
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substantial progression from conceptual research toward pilot testing and real-
world deployment. In total, manufacturing includes twenty-two theoretical studies,
thirty pilot-tested systems, and nine real-world implementations, reflecting increasing
operational adoption.

In contrast, the oil and gas industry remains more conservatively positioned,
with one theoretical study, six pilot-tested systems, and three real-world deployments
reported, indicating selective but high-impact adoption in safety-critical contexts. The
Mining industry shows gradual advancement, with four conceptual or proposal-stage
studies, five pilot-tested systems, and three real-world deployments identified.

4.7 Cross-Industry Gaps

Despite notable progress across the three industries, several systemic gaps continue
to hinder the development of transparent, ethical, and accountable AI systems. These
gaps appear consistently in mining, oil and gas, and manufacturing, although their
severity and implications vary according to the maturity of AI integration in each
industry. A consolidated overview of these cross-industry gaps and associated best-
practice recommendations is presented in Table 5.

Gap 1 - Transition from post-hoc to design-level explainability: While 60% to
90% of papers across all industries discuss XAI and applied implementations are
increasingly reported, most implementations remain post-hoc, providing retrospective
justification rather than influencing model design. None of the industries demonstrates
widespread integration of explainability during algorithm development or system
architecture design.

Gap 2 - Lack of explanation validation, and stability testing: Fewer than 10% of
papers across all industries assess explanation consistency under model drift or validate
interpretability results with human experts, even in studies reporting pilot testing
or real-world deployment. This reduces the reliability of XAI outputs, especially in
safety-critical applications.

Gap 3 - Underdeveloped governance and accountability structures: Across all three
industries, explicit governance discussions appear in less than 20% of the reviewed liter-
ature, indicating limited attention to accountability and oversight. Currently, there are
no unified audit templates, certification mechanisms, or AI-specific reporting standards
in these industries.

Gap 4 - Limited transfer of HMI practices across industries: Although HMI is
addressed in 45% of manufacturing papers, it is entirely absent in mining and oil
and gas papers. As these industries move toward remote and semi-autonomous opera-
tions, the absence of collaborative and explainable human–AI interaction frameworks
remains a significant gap.

Gap 5 - Insufficient socio-technical and cultural diversity: Across all domains,
datasets, validation studies, and evaluation scenarios remain predominantly Western
and simulation-based. Only a small fraction of the papers include real-world, cross-
cultural, or multilingual deployments, which limits the generalizability and inclusivity
of the model.
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Table 4: Challenges and opportunities across industries

Industry Key Challenges Opportunities and Future Directions

Mining
• Trust discussed in 62% of studies; primarily

framed through system reliability rather than
transparency.

• Moderate XAI adoption (54%); limited vali-
dation of explanations with domain experts.

• Weak governance references (15%); no dedi-
cated AI compliance models.

• Minimal attention to HMI or operator feed-
back in automated systems.

• Develop interpretable and uncertainty-aware
models for safety-critical tasks.

• Integrate trust dashboards for real-time
safety monitoring.

• Connect XAI outputs to incident review and
operational reporting.

• Introduce HMI mechanisms for remote super-
vision and teleoperation.

• Embed governance mechanisms during model
design rather than post-deployment audits.

Oil and Gas
• High XAI presence (92%), yet limited inte-

gration with formal governance.
• Governance primarily implicit, embedded

within existing safety and compliance sys-
tems.

• Minimal discussion of ethics and absence of
structured HMI frameworks.

• Selective real-world deployment due to high
operational and regulatory risk.

• Utilize applied XAI for regulatory compli-
ance, risk traceability, and verification.

• Formalize algorithmic accountability within
existing risk and change-management sys-
tems.

• Extend counterfactual and scenario-based
explanations for safety assurance.

• Transfer HMI lessons from manufacturing to
control room operations.

Manufacturing
• Strong trust focus (94%), but applied XAI

remains moderate (39%).
• Ethics discussed in only 13% of studies; fair-

ness rarely quantified.
• Partial governance adoption (19%), mainly

aligned with ISO/IEC standards.
• HMI emphasized (45%), yet long-term user

adaptation remains underexplored.

• Expand deployment-ready XAI tools for pre-
dictive maintenance and quality inspection.

• Define quantitative trust calibration metrics
for human–AI collaboration.

• Integrate AI governance into quality man-
agement systems and production life-cycle
control.

• Scale successful pilot implementations toward
standardized real-world deployment.
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Table 5: Cross-industry gaps and recommended best practices (Indicative coverage
drawn from comparative analysis)

Identified Gap Recommended Best Practice

Post-hoc-only explainability Integrate explainability into system design stages using
interpretable-by-construction models, and standardize
design-time XAI benchmarks validated by domain experts.

Limited explanation validation Establish explanation evaluation protocols with operator
studies and stability checks to ensure interpretability and
reliability under model drift.

Underdeveloped AI governance Develop industry-specific AI assurance frameworks linked
to existing ISO and IEC safety standards, including stan-
dardized evidence packs, model cards, and transparency
reports.

Missing HMI outside manufacturing Transfer human–AI collaboration practices such as trust
calibration, shared autonomy, and operator-in-the-loop
control from manufacturing to mining and oilfield opera-
tions.

Limited socio-cultural diversity Promote global research partnerships to create multilin-
gual, culturally diverse datasets and establish evaluation
metrics for fairness and inclusivity.

4.8 Affiliations and Geographical Distribution of Research

This section analyzes where responsible AI-related research takes place across the
mining, oil and gas, and manufacturing industries, and who is involved in carrying
out this research. The focus is on publication trends, geographical distribution, and
institutional affiliations.

4.8.1 Temporal Distribution of Publications

The number of studies addressing AI integration and its implications on trust, ethics,
and governance in production industries has grown steadily over the past decade.
Figure 3 presents the yearly publication count categorized by type—conference papers,
journal articles, and book chapters. The earliest paper in the dataset appears in 2014
as a single conference publication. After a gap, activity reappeared in 2018 with a
book chapter.

A clear upward trend begins in 2021, with notable growth in both conference and
journal publications. The period 2023–2025 represents the most active years:

• 2023: 15 total publications (7 conferences, 8 journals)
• 2024: 22 total publications (14 conferences, 8 journals)
• 2025: 36 total publications (12 conferences, 22 journals, 2 Book chapters)
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This increase aligns with the broader global rise in responsible AI and interest in
explainability and governance in industrial settings.

Fig. 3: Yearly distribution of publications by type.

4.8.2 Geographical Distribution of Research

Figure 4 illustrates the top fifteen countries contributing to AI-related research across
the mining, oil and gas, and manufacturing industries, based on total publication
counts aggregated across industries.

Manufacturing research shows the broadest geographical spread and the highest
publication volume. The United States and Germany emerge as the leading con-
tributors, each with eleven manufacturing-focused studies, followed by Italy (nine),
Greece (eight), and Spain (seven). Additional contributions from European countries
such as the United Kingdom (four), Cyprus (four), Portugal (three), Denmark (two)
and Estonia (two) reflect strong alignment with Europe’s Industry 4.0, human-centric
automation, and smart manufacturing initiatives. Beyond Europe, manufacturing
research also includes notable contributions from Canada (four), the United Arab Emi-
rates (three), India (three), Pakistan (two), and Jordan (two), indicating increasing
global engagement.

Mining research remains geographically concentrated, with contributions reported
from a relatively small number of countries. China leads mining-related publications
with three studies, followed by Australia, Sweden, and India with two studies each,
and Canada, Germany, and the United States contributing one paper each.

Oil and gas research shows moderate geographical diversity, with the United States
contributing three studies, China and Canada contributing three and two studies
respectively, and Germany contributing one. Additional contributions from Oman and
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South Africa indicate selective engagement from regions with established oil and gas
operations.

Across all three industries, the United States and China are the most consistently
represented countries, contributing to mining, oil and gas, and manufacturing research.
Germany also plays a significant cross-industry role, particularly in manufacturing
and mining. Overall, the geographical distribution highlights a stronger concentration
of research activity in North America and Europe, with a growing but still limited
participation from regions in the Middle East, Asia, and Africa.

Fig. 4: Top fifteen contributing countries, categorized by industry.

4.8.3 Institutional Affiliation and Research Collaboration

Figure 5 summarizes the institutional affiliations of the authors, categorized as
academic, industry, or academic–industry collaboration.

Across all three industries, academia remains the dominant contributor, accounting
for 56 papers. Industry-authored works represent 14 papers, while collaborative efforts
between academia and industry account for 17 papers.
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Industry participation is most evident in the oil and gas industry, with four
industry-only papers, reflecting the industry’s established engineering and applied-
research practices. Manufacturing shows the highest number of collaborative pub-
lications, with twelve academic–industry papers, indicating active partnerships in
areas such as robotics, human–machine systems, and explainable AI. Mining remains
the smallest research domain but demonstrates notable collaboration, with three
academic–industry papers alongside predominantly academic contributions.

These patterns suggest that while research is still largely academically driven,
industrial engagement is increasing, particularly in manufacturing and oil and gas.

Fig. 5: Distribution of publications by institutional affiliation.

4.8.4 Cross-Industry Citation Analysis

To examine knowledge transfer and cross-industry influence, a citation analysis was
conducted to assess how studies in mining, oil and gas, and manufacturing reference
prior work across production industries and general AI research. Citations were cate-
gorized into four groups: mining, oil and gas, manufacturing, and general AI or other
related domains.

The results show strong within-industry citation patterns across all three indus-
tries, indicating that most research builds primarily on domain-specific literature.
Mining-focused studies cite mining-related work most frequently, with 113 citations,
compared to 15 citations from oil and gas literature and 26 from manufacturing.
A substantial proportion of mining citations (353) reference general AI and related
methodological research, highlighting the industry’s dependence on foundational AI
techniques rather than cross-industry operational insights.
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Oil and gas papers show a similar pattern of domain concentration, citing oil
and gas literature extensively (253 citations), while drawing comparatively limited
references from mining (22) and manufacturing (11). At the same time, oil and gas
research exhibits a strong connection to general AI literature, with 180 citations,
reflecting the industry’s emphasis on established AI methods.

Manufacturing research demonstrates the largest volume of citations in general.
Manufacturing papers overwhelmingly cite manufacturing-related literature (1134
citations), alongside a large number of references to general AI and related domains
(1443 citations). Cross-industry citations from manufacturing to mining (6) and oil
and gas (15) remain limited, indicating that knowledge transfer from other produc-
tion industries into manufacturing research is relatively low despite methodological
similarities.

Across industries, cross-industry citation patterns indicate that mining and oil
and gas research draw to some extent from manufacturing-oriented literature, whereas
manufacturing research remains largely self-referential and focused on general AI
topics. This points to manufacturing as a more common source of methodological
reference, while reciprocal cross-industry citation remains limited.

4.9 Conclusion

The comparative analysis reveals distinct levels of maturity in the adoption of explain-
able and trustworthy AI across mining, oil and gas, and manufacturing. Manufacturing
shows the most advanced progress, characterized by 94% trust coverage and 45%
engagement with HMI. The industry benefits from well-developed human-in-the-loop
collaboration models and increasingly operational explainability tools, though applied
XAI remains moderate at 39% and governance references at 19%.

Oil and gas shows the strongest uptake of XAI, with 92% of papers discussing
explainability and 50% implementing applied methods. The industry also exhibits
structured assurance and safety compliance systems, yet explicit AI governance
mechanisms and formal ethical audits remain limited and inconsistently addressed.

Mining remains at an earlier stage of integration, with 62% of studies addressing
trust and 54% employing XAI, but only 15% referencing governance frameworks. Cur-
rent research focuses heavily on performance reliability, safety, and environmental risk
prediction, leaving opportunities to expand into explanation validation, governance
integration, and human–AI collaboration.

Together, the three industries illustrate complementary strengths and gaps. Man-
ufacturing leads in operational trust and human-centered design, oil and gas excels
in assurance and risk-based explainability, and mining advances safety-focused appli-
cations that could benefit from stronger governance structures and user-centered
validation. Achieving truly trustworthy and ethical AI across production industries
will require convergence between explainability, governance, and human oversight, sup-
ported by shared standards, cross-industry learning, and collaborative transparency
frameworks.
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27

https://doi.org/10.1016/j.jmsy.2023.04.007
https://doi.org/10.2478/czoto-2024-0011
https://doi.org/10.2478/czoto-2024-0011
https://doi.org/10.1002/amp2.10159


V.: Explainability as the key ingredient for AI adoption in industry 5.0 set-
tings. Frontiers in Artificial Intelligence 6 (2023) https://doi.org/10.3389/frai.
2023.1264372

[39] Biliri, E., Lampathaki, F., Mandilaras, G., Prieto-Roig, A., Calabresi, M., Branco,
R., Gkolemis, V.: Explainable artificial intelligence bundles for algorithm lifecycle
management in the manufacturing domain. In: 2023 IEEE International Confer-
ence on Engineering, Technology and Innovation (ICE/ITMC), pp. 1–7 (2023).
IEEE

[40] Moosavi, S., Farajzadeh-Zanjani, M., Razavi-Far, R., Palade, V., Saif, M.:
Explainable AI in manufacturing and industrial cyber–physical systems: A survey.
Electronics 13(17), 3497 (2024) https://doi.org/10.3390/electronics13173497

[41] Nikiforidis, K., Kyrtsoglou, A., Vafeiadis, T., Kotsiopoulos, T., Nizamis, A., Ioan-
nidis, D., Votis, K., Tzovaras, D., Sarigiannidis, P.: Enhancing transparency and
trust in ai-powered manufacturing: A survey of explainable AI (XAI) applica-
tions in smart manufacturing in the era of industry 4.0/5.0. ICT Express 11(1),
135–148 (2025) https://doi.org/10.1016/j.icte.2024.12.001

[42] Hoffmann, R., Reich, C.: A systematic literature review on artificial intelligence
and explainable artificial intelligence for visual quality assurance in manufactur-
ing. Electronics 12(22), 4572 (2023) https://doi.org/10.3390/electronics12224572

[43] Zeiser, T., Ehret, D., Lutz, T., Saar, J.: Explainable AIin manufacturing. In:
2024 IEEE International Conference on Engineering, Technology, and Innovation
(ICE/ITMC), pp. 1–8. IEEE, ??? (2024). https://doi.org/10.1109/ice/itmc61926.
2024.10794363
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[47] Fragueiro, F.G., Mart́ın, D.G., López, A.B., Rial, A.A., Tranchero, J.O., Lorenzo,
B.C., Montenegro, J.M.F., Muiños-Landin, S.: An Integrated Active Learning
Framework for the Deployment of Machine Learning Models for Defect Detection

28

https://doi.org/10.3389/frai.2023.1264372
https://doi.org/10.3389/frai.2023.1264372
https://doi.org/10.3390/electronics13173497
https://doi.org/10.1016/j.icte.2024.12.001
https://doi.org/10.3390/electronics12224572
https://doi.org/10.1109/ice/itmc61926.2024.10794363
https://doi.org/10.1109/ice/itmc61926.2024.10794363
https://doi.org/10.1016/j.procs.2025.01.085
https://doi.org/10.1016/j.procs.2025.01.085
https://doi.org/10.1007/978-3-031-63803-9_18
https://doi.org/10.1007/978-3-031-63803-9_18


in Manufacturing Environments, pp. 3–14. Springer, ??? (2024). https://doi.org/
10.1007/978-3-031-57496-2 1

[48] Ostheimer, J., Chowdhury, S., Iqbal, S.: An alliance of humans and machines
for machine learning: Hybrid intelligent systems and their design principles.
Technology in Society 66, 101647 (2021) https://doi.org/10.1016/j.techsoc.2021.
101647

[49] Gkrizis, C., Dimitropoulos, N., Katsampiris-Salgado, K., Karagiannis, P., Micha-
los, G., Makris, S.: Intersubjective ai-driven multimodal interaction for advanced
user-centric HRC applications - the jarvis approach. Procedia CIRP 130, 325–330
(2024) https://doi.org/10.1016/j.procir.2024.10.095

[50] Wajid, U., Nizamis, A., Anaya, V.: Towards industry 5.0–a trustworthy AIframe-
work for digital manufacturing with humans in control. Proceedings http://ceur-
ws. org. ISSN 1613, 0073 (2022)

[51] Gawade, V., Chen, M.: Explaining multimodal CNN-DNN model predictions
for quality monitoring of porosity in laser metal deposition. Knowledge-Based
Systems 311, 113095 (2025) https://doi.org/10.1016/j.knosys.2025.113095
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