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The global air traffic is projected to grow significantly in the coming decades, leading to denser airspace and
higher operational complexities. Therefore, academic and practitioners are now unleashing the potential of
artificial intelligence (AI), particularly the recent advances in large language models (LLM), computer vision, and
speech recognition in enhancing aviation safety through advanced cockpit design, Al assistants, human perfor-
mance monitoring, and supporting air accident investigations. These applications demonstrate a significant
promise in enhancing aviation safety. Nevertheless, there are still challenges in applying safe and reliable AI in
supporting these safety—critical domains. Indeed, many aviation safety issues, such as accident analysis, human
factors, and preventive system designs, are interconnected instead of standalone issues. This systematic literature
review explores the recent advances, challenges, and future perspectives on leveraging Al to enhance aviation
safety from a macro perspective. Therefore, a framework is established to review relevant studies. First, we
identify the relevant literature from initial search, inspection, and screening. After that, we analyse the domains
applied and the models leveraged in aviation safety enhancement on the 175 selected studies using content
analysis. Then, thematic analysis is applied to reveal the challenges of applying safe and reliable Al in aviation
safety. Given the challenges identified, this review recommends future work to incorporate explainable Al,
develop Al certification frameworks, design based on hybrid intelligence, and adopt diversified dataset for
generalisation.

1. Introduction Transport Association [1] (IATA) reveals that the all-accident rate in

2024 of 1.13 per million flights (with seven fatal accidents) is height-

1.1. Background and research gap

Safety is always considered as one of the top pillars in aviation op-
erations, given its significance in directly impacting human lives and
properties both on board and on the ground. In the past decades,
rigorous standard operating procedures and highly trained personnel
minimised the occurrence of mechanical and human errors to keep the
accident rate at a very low level. However, the surging air traffic volume
increases the complexity in the airspace, which results in safety risks due
to an increased workload of air traffic controllers (ATCOs) and pilots.
Indeed, the annual safety report published by the International Air

ened when compared with 2023 (1.09 per million flights and one fatal
accident). The statistics demonstrate a rising trend of aviation accidents
and an imminent necessity for advanced technological solutions to
mitigate accidents at the root.

With the rapid development of artificial intelligence (AI), such as
large language models (LLM), computer vision (CV), and automatic
speech recognition (ASR), Al is becoming more capable of acting like
human agents to analyse vast amounts of data for prediction, text clas-
sification, image recognition, and speech recognition efficiently [2]. Al
has the advantage in processing a large amount of information for a
faster and more accurate decision [3]. These capabilities can be
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transferred to flight operations, air traffic management, and accident
analysis by assisting skilled aviation professionals in their decision-
making. Hence, Al has been leveraged to enhance aviation safety
through active safety monitoring, unsafe flight behaviour prediction
systems, and accident investigation. With the aid of generic and tailor-
made AI models, a significant amount of multimodal data can be ana-
lysed more efficiently. However, it is noteworthy that Al is not designed
to replace human operators. Instead, Al is designed to assist human
operators in achieving safer operations [4]. Hence, the concept of
human-AI teaming is proposed to utilise a joint effort from both human
and AI as a co-working team to unleash the potential of a trustworthy
and reliable flight operations, which should outperform the effort of
either human or AI [5].

With the contemporary research efforts of leveraging Al in enhancing
aviation safety, it is undeniable that Al can be a catalyst to revolutionise
aviation safety from manual preventive design and accident analysis to
proactive monitoring of operators, human-AI collaborative operations,
and efficient accident analysis with expert systems. While AI plays a
pivotal role in achieving a higher level of safety [6], Endsley [7]
mentioned that there are many challenges that shall be addressed by Al-
driven systems before being adopted in safety—critical domains. Existing
reviews in aviation safety like [8] adopted a micro perspective to
analyse how Al is applied to address a single safety issue, i.e., fatigue.
However, a survey on a macro perspective can provide wider insights to
address the safety issues at a systematic level. It is particularly important
when many aviation safety issues, such as accident analysis, human
factors, and proactive safety systems, are interconnected with each
other.

1.2. Research objectives, questions, and outline

This study presents a systematic literature review on the state-of-the-
art on Al applications in aviation safety from a macro perspective. In
particular, we focus on the trends and the models designed/adopted by
researchers, challenges faced in the technical and application levels,
potential resolutions, and opportunities to strengthen AI in benefiting
aviation safety in wider aspects. Specifically, we examine the literature
to reveal the current technical and non-technical challenges of Al in
aviation safety rather than merely focusing on the state-of-the-art
models and applications. Apart from that, this study proposes a sys-
tematic literature review methodology to conduct the literature review
of Al in aviation safety with both content analysis and thematic analysis.
In addition, we compared the themes identified by LLM-based and
human literature review to examine the potentials for collaborative
literature review between human and LLM. The review lays a foundation
for developing novel ideas and methodologies towards safer aviation
with the aid of Al Thus, the following four research questions (RQs) are
proposed:

RQ1. Application domains: What are the current application domains
of Al for aviation safety in research and practice?

RQ2. Algorithms and models: What Al algorithms and models are
adopted in research and practice to enhance aviation safety?

RQ3. Challenges and future research: What challenges remain and
how future research can promote applications of Al in aviation
safety?

By answering these RQs, the status quo and recent advances of Al in
aviation safety and accident investigation are revealed. The outline of
the remainder of this review is as follows: Section 2 illustrates our
proposed research methodology for the systematic literature review,
including the searching strategy, criteria for inclusion/exclusion. Sec-
tion 3 discusses the state-of-the-art applications of Al in aviation safety
in each application domain. Section 4 first presents the distribution and
trend of algorithms and models adopted in aviation safety. Then, we
summarise how different models align with the corresponding domain.
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The research challenges on enhancing the trustworthiness of AI for
aviation safety are analysed to unveil future research directions, pros-
pects, and opportunities towards trustworthy applications of Al in such a
safety—critical domain in Section 5. Lastly, Section 6 leverages LLM on
literature review and cross-validates the themes identified from the
literature between human and LLM’s analysis. Section 7 concludes the
study with possible future work.

2. Proposed methodology of the systematic literature review
2.1. Framework

Fig. 1 illustrates the proposed systematic literature review frame-
work for Al in aviation safety.

The proposed framework is divided into four stages: (1) literature
selection, (2) content analysis, (3) thematic analysis, and (4) develop-
ment of recommendations for future work. The literature selection
methodology is presented in Section 2.2, which demonstrates the
criteria that we adopted to select the literature for review. After
screening, we conduct a descriptive content analysis on the manifest
content to reflect the status quo of the existing research. The statistics
and the general trend of publications are first presented, followed by the
core domains of application and the AI algorithms/models adopted or
developed for aviation safety. Then, an in-depth thematic analysis is
carried out. Unlike content analysis, thematic analysis focuses on the
latent content to generate themes for revealing the challenges in avia-
tion safety. Finally, we develop several future research directions to
address the captioned challenges.

2.2. Literature selection: Searching strategy and inclusion/exclusion
criteria

The systematic literature review began with an online literature
search. The searching criterion was formulated as: Topic = (“Artificial
Intelligence” OR AI OR “Machine Learning” OR ML OR “Deep Learning”
OR DL OR “Large Language Model*” OR LLM) AND Topic = (Aviation
OR Flight OR Aircraft OR “Air Traffic Control”) AND Topic = (Safety OR
Accident). The initial literature search was conducted on Web of Science
and returned 1,794 items. A preliminary inspection was first carried out,
and two duplicated records were removed. Only peer-reviewed original
research journal articles and conference proceedings (i.e., excluding
review articles) written in English were considered. Hence, 85 items
were excluded as they did not fulfil the above criterion.

A coarse-to-fine screening strategy was adopted to examine whether
an item fulfils our criteria for inclusion efficiently. The primary (coarse)
content screening process was subsequently conducted based on the title
and abstract of each item. The title and abstract of each item were
carefully reviewed to determine whether it satisfied the inclusion
criteria. Articles are included if (1) they presented at least one type of Al
algorithm/model, (2) the model(s) was/were applied with an objective
to improve aviation safety or accident analysis. The Al algorithm/model
was defined as any self-developed, self-fine-tuned, or existing LLM, deep
learning (DL), and machine learning (ML) models. Articles are excluded
if (1) only ideas/concepts on how to apply Al in the concerned problems,
but without realisation of the proposed ideas/concepts, (2) the problem
addressed was irrelevant to operational safety in aviation, such as
aircraft design and maintenance. Based on the above criteria, we
selected 181 items for a secondary (fine) content screening of their full
text on the same set of criteria. After reading the full text of the selected
items, 23 items were removed as they did not fulfil the above criteria.
Finally, a forward/backward search was conducted on the items based
on the citing and cited articles. Google Scholar was deployed to search
for relevant articles citing the selected items. The reference list was used
to perform backward searching of the articles cited by the selected items.
After forward/backward searching, 17 articles were added to the
selected items. The final selection comprised 175 items for review using
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* Two duplicate records were found.

« Only peer-reviewed original research
journal articles and conference
proceedings. 85 items did not fulfil this
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« Initial search on Web of Science.
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Search for relevant articles citing the
selected items on Google Scholar.
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LLM, DL, and ML models. * Reference list was screened for cited
+ Exclusion items.
1. Only ideas/concepts but without
realisation ¢ Selected 175 items.
2. Irrelevant to operational safety in

aviation (e.g., aircraft design and
maintenance)

* Coarse screening (Title and abstract)
Selected 181 items.

Fine screening (Full-text)
Selected 158 items.

[ Content analysis ]

Thematic analysis ]

Statistical and paradigm in the literature

RQ1. What are the current application domains of Al for aviation safety in research and
practice?

RQ2. What Al algorithms and models are adopted in research and practice to enhance
aviation safety?

* RQ3-1. What challenges remain in promoting applications of Al in aviation safety?

Development of recommendations for future work ]

* RQ3-2. How future research can promote applications of Al in aviation safety?

Fig. 1. Proposed systematic literature review framework.

content and thematic analyses manually.

3. What are the current application domains of Al for aviation
safety in research and practice?

To identify the common application domains of Al for aviation
safety, we divided this section into two main parts. First, in Section 3.1,
we analyse the publication trend to reveal how studies in Al in aviation
safety change with time. Then, we statistically summarise the distribu-
tion of publications by application domain so that readers can grasp a
general picture on how Al is applied in aviation safety currently. Second,
in Section 3.2-3.4, we introduce the related literature of each applica-
tion domain to discuss the common characteristics, tasks accomplished
with Al, and their corresponding findings.

3.1. Statistics and paradigm in the literature

First, we identified the trend of publication and the focus of LLM/AI-
related research in aviation safety through descriptive statistics. Fig. 2
shows the number of publications by year.

From Fig. 2, the first publication related to Al in aviation safety was
published in 2012. It proposed a two-stage method to identify
=LLM

® Number of publications sDL =ML

‘ | Ihl h
s — mnaini
P O PP D

Fig. 2. Number of publications on Al in aviation safety by year.

abnormalities in flight manoeuvres using ML [9]. During the years
2013-2015, no publications were selected based on our inclusion/
exclusion criteria. In 2016, Arico, Borghini, Di Flumeri, Colosimo,
Bonelli, Golfetti, Pozzi, Imbert, Granger, Benhacene and Babiloni [10]
designed an adaptive automation for air traffic control (ATC) based on
electroencephalography (EEG), which was the first publication
combining AI and neuroergonomics in aviation operations from our
searching results. Then, a context-aware speech recognition model was
developed for ATC applications in 2017 [11]. Since then, the number of
publications using DL and ML for aviation safety has risen gradually
every year. In 2022-23, more open-source LLMs with greater language
abilities, such as ChatGPT 3.5 and Llama, were released and have pop-
ularised the use of LLM. Hence, the first paper leveraged LLM in aviation
safety, published in 2022, developed a knowledge graph-guided and
LLM-based question-answer system for aviation safety [12]. The overall
number of publications reached 46 in 2024, with the surging number of
LLM-related publications accounting for 28.3% of Al applications in
aviation safety. Among the 175 selected items, 53.14% (93 studies)
focused on flight operations. More than 30% (54 studies) were related to
accident or incident analysis, identification, prediction, etc. ATC and air
traffic management (ATM) accounted for 14.29% (25 studies), while a
few of them jointly consider flight operations (1.71%, 3 studies).
Among the publications, accident-related publications accounted for
30.86% (54 studies) of the publications. These studies focus on accident
analysis, development of a generic LLM for accident analysis, hazard
identification, accident prediction, and extraction of safety concepts.
More than one-third (33.71%, 59 studies) assessed human performance
in flight operations and ATC/ATM. These studies designed novel Al-
driven systems, including mental state classification and human per-
formance monitoring on such as attention, operator behaviour,
distraction, drowsiness, fatigue, situational awareness (SA), stress, task
demand, vigilance, and workload. These studies classify mental state to
ensure flight safety but are not linked to specific accidents. These studies
often leveraged Al to extract and analyse the text in the accident nar-
ratives and reports. The remainder of the studies focuses on designing
advanced systems for enhancing operational safety, which shared
35.43% (62 studies) of all publications. These systems are designed to
enhance landing stability, identify flight risks, resolve conflicts, provide
advisories and warnings to operators, construct virtual copilots to assist
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operators, etc. Table 1 summarises the reviewed publications by area of
application.

From Table 1, three core sub-domains were identified, i.e., sub-
domains with 20 publications or above. These core specific areas
included accident analysis (n = 31), workload identification classifica-
tion and prediction (n = 23), and landing safety (n = 21).

3.2. Human performance assessment

Human factors have been a critical research domain in aviation as
human intelligence remains essential in flight operations [184]. How-
ever, human subjects to many capability limitations, so researchers
leverage Al to monitor human performance and provide timely correc-
tive actions. In the following, we illustrate how Al are adopted to assess
human performance with different types of data.

3.2.1. Integration of Al and neuroergonomics

Conventionally, human factors assessment heavily relied on the use
of a variety of questionnaires and interviews by subject matter experts
(SME) or self-reports. Particularly, various inventories were designed to
assess different constructs, such as Situational Awareness Global
Assessment Technique (SAGAT) and Situation Presence Assessment
Method (SPAM) for SA, and NASA Task Load Index (TLX) for workload.
However, these inventories could not achieve continuous monitoring,
and some even require a freeze-probe that was infeasible in reality.
Therefore, researchers are seeking novel tools to assess operators’ per-
formance. Among many alternatives, neuroergonomics, including EEG,
electrocardiography (ECG), eye-tracking, etc., was found promising to
measure human operators’ SA [185], workload [186], etc. As a result,
neuroergonomics was widely adopted to assess human performance
with time-series data that could continuously provide insight into
human mental state. Fig. 3 demonstrates a commonly adopted

Table 1
Distribution of publications on Al for aviation safety by application domain.
Area Count  Related
publications
Accident analysis and prevention (54)
Analysis (Classification and causal factors 31 [13-43]
identification)
Prevention and prediction 14 [44-57]
Hazard identification 5 [58-62]
Integration with knowledge graph 2 [12,63]
Generic LLM 1 [64]
Safety concept extraction 1 [65]
Human performance assessment (59)
Mental workload and task demand 23 [10,66-87]
Fatigue 9 [88-96]
Situational awareness 7 [97-103]
Behaviour 6 [104-109]
Attention, distraction, and inattentional deafness 4 [110-113]
Mental state (Generic) 4 [114-117]
Vigilance and Drowsiness 4 [118-121]
Human performance monitoring 1 [122]
Stress 1 [123]
Operational safety system design (62)
Landing 21 [124-144]
Anomaly detection and risk identification 10 [9,145-153]
Speech recognition 7 [11,154-159]
Separation/Conflict resolution 6 [160-165]
Flight event and safety prediction 5 [166-170]
Human-Al teaming, Single-pilot operations (SPO), 4 [171-174]
and Copilot
Training 2 [175,176]
Pilot advisory and safety warning 2 [177,178]
Emergency 1 [179]
Adaptive coaching 1 [180]
Text-to-speech simulation 1 [181]
Cognitive attribute screening tool 1 [182]
Honesty behaviour prediction 1 [183]
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framework that researchers integrate neuroergonomics with AI models
for human performance monitoring.

The application of neuroergonomics in human factors was not only
limited to monitoring but also to enhancing human performance
through an Al-based autonomous agent that learned the physiological
patterns of operators. Back in the time without Al, these complex neu-
roergonomic data were processed by SME for the interpretation of
human mental states. However, Al provided a promising opportunity to
learn complex patterns from the neuroergonomic data so that a specif-
ically trained AI model could classify different types of mental states
directly. The data-driven approach mimicked SMEs and classified
human mental states based on the data provided. Therefore, since the
first publication in 2016, EEG was incorporated in designing an adaptive
automation for ATC [10]. With the concept of a passive brain-computer
interface (pBCI), it utilised the mental workload index based on EEG
data as a trigger to dynamically change the level of automation (LOA).

Al and EEG were often combined for mental workload classification
and prediction [67-69,71,73,74,79,80,84-86]. Indeed, dry EEG have
been proven effective to classify mental workload in real-life settings
[71,80]. Other than EEG, functional near-infrared spectroscopy (fNIRS)
was another key neuroimaging tool that integrates with Al to classify
mental workload [76,78]. Compared to EEG, its signal quality was more
stable in an operational setting, but simultaneously demanded a
significantly higher initial cost, resulting in less popularity in the
research. ECG was also adopted to assess mental workload based on its
correlation with EEG metrics [75,77,83]. Some combined the use of EEG
with eye-tracking [81] and ECG [82] to develop Al models to classify
and predict cognitive workload, while eye tracking is also used inde-
pendently [87]. With the development of LLM, Gao, Yue, Sun, Shan, Liu
and Wu [66] further fine-tuned ChatGLM3-6B with eye-tracking gaze
data to develop a WorkloadGPT for real-time workload detection. With
an accuracy of 87.3%, their model demonstrated that LLM could be used
for classification of cognitive workload. Other than assessing the
workload of operators, SA was also a commonly assessed feature in the
literature. SA refers to the understanding of the surrounding environ-
ment [187,188]. By classifying the SA of the operators, one could realise
the degree to which the operators understand their current situation and
provide intervention or assistance when required. In flight operations,
studies mainly adopted different neuroergonomic data, including EEG
[101,103], eye-tracking [98], and heart rate variability (HRV), or even a
multimodal approach [100], to differentiate different levels of SA with a
DL model. ATC is another key area of focus for SA classification. Simi-
larly, multimodal neuroergonomics, including EEG and eye-tracking, is
adopted [102], while Celina, Samardzic, Tukaric, Radisic and Hermann
[99] adopted eye-tracking as a tool to evaluate the SA of ATCOs on their
proposed conflict detection system. Fatigue was also a critical problem
in aviation that might result in aviation accidents. Similarly, EEG
remained the most used neuroergonomic tool for fatigue assessment
with AL Wu, Peng, Zhang, Lin and Sheng [94] adopted a deep
contractive autoencoder network to recognise pilots’ fatigue using a new
fatigue evaluation index based on EEG band powers. Lee, Kim and Kim
[92] proposed a convolutional long short-term memory (LSTM) to
classify fatigue level in pilots using EEG. The multi-scale decomposition
method [96] and the method of local fatigue characteristics learning
from the EEG power spectrum [95] were developed to enhance the
classification performance. HRV was also adopted to identify flight fa-
tigue with LightGBM [90]. It was also combined with eye-tracking to
detect fatigue in prolonged flight missions [88].

Other than the three key constructs, AI models were also applied to
classify different mental states of pilots [114-117] and their levels of
attention with EEG [110,111]. They were also used to identify other
human factors issues that would probably result in air traffic accidents
with EEG and/or eye-tracking, such as vigilance and drowsiness
[118-121], as well as distraction and inattentional deafness [112,113].
Li, Li, Chen, Wang, Lu and Wen [123] detected stress of pilots using ECG,
electromyography (EMG), electrodermal (EDA), respiration, and skin
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Fig. 3. A commonly adopted framework for training an Al agent with neuroergonomics on human performance monitoring.

temperature. Other than cognitive constructs, several studies also
detected whether pilots had performed safe operational behaviour
[104,105,107,108] and ATCOs’ detection failures to warnings [109].

3.2.2. Facial recognition and automatic speech recognition

With the advancement in CV and ASR, facial recognition and speech
recognition with data-driven models were made feasible with data
collected from the field or experimental setting. Therefore, facial
recognition models trained with pictures or videos could be used for
detecting and inferring cognitive states of the human operators that
were reflected on the operators’ faces. For instance, with the aid of facial
images collected from a simulator-based flight experiment, Shang, Si,
Wang, Pan, Liu, Li, Qiu and Xu [89] integrated the face eye-mouth-face
(EMF) feature model and the convolutional neural network (CNN) to
detect fatigue in the flight trainees. With the superiority of CNN in image
recognition, their model successfully identified 93.9% of fatigue during
testing. On the other hand, Huang, Tang, Tian, Huang and Li [91]
deployed an LSTM to jointly consider the facial and vocal features in
detecting ATCOs’ fatigue. Another study designed a GoPro-based non-
contact mental workload assessment model for mental workload during
landing in adverse weather [70].

Apart from facial recognition, voice-related Al also constituted a
critical part in enhancing aviation safety on pilot-ATCO communication
for real-time information exchange and operational guidance. ASR had
the potential to visualise such speech for easier reference [156], or even
to develop artificial SA for safety analysis based on the conversations
[154]. In this regard, Lin, Yang, Guo and Fan [159] leveraged an LSTM
to develop an ASR model for ATC with multilingual capability. They
further developed a speech representation learning network to enhance
recognition accuracy through capturing discriminative speech repre-
sentations from raw sound waves [158]. Oualil, Klakow, Szaszak, Sri-
nivasamurthy, Helmke and Motlicek [11] further recognised the
importance of a context-aware model and developed an ASR that could
dynamically integrate temporal and situational ATC context informa-
tion. On the training side, Ohneiser and Ahmed [181] designed a text-to-
speech (TTS) application for cost-effective, efficient, and accurate
training in radio telephony communication. Nonetheless, individual
differences between different operators from different backgrounds,
countries/regions of origin, and cultures, could be a key factor that af-
fects the results. Therefore, leveraging DL to learn the patterns of indi-
vidual differences could yield a higher level of aviation safety. Apart
from visualising speech and incorporating the operational context, Fox,
Niewoehner, Rahmes, Wong and Razdan [97] leveraged LLM to process
verbal communications between pilots and ATCOs for detecting anom-
alous situations for enhanced SA in ATC. Nevertheless, it remained
essential to ensure ASR applications were safe and trustworthy for ap-
plications in the ATC setting [155,157].

3.2.3. Other non-contact approaches for human performance assessment
Apart from the neuroergonomic approach, existing research also
proposed several non-contact approaches for workload prediction and
fatigue detection. Pang, Hu, Lieber, Cooke and Liu [72] formulated the
problem as a dynamical time-series graph classification problem and
proposed a conformal-dynamical graph learning approach to predict the
workload level of ATCOs. Wu and Sun [93] utilised radiotelephony
communications to detect fatigue of ATCOs through a self-adaptation
quantum genetic algorithm, which yielded a high accuracy of 98.5%.

Similar to facial recognition and ASR mentioned in Section 3.2.2, these
non-intrusive/non-contact approaches had the advantage of ease of
implementation but also yielded a limitation in the inability to assess the
underlying human performance that did not reflect ostensibly.

3.3. Learning from accidents

3.3.1. Accident classification with ML/DL

Apart from human factors, Al were also employed to analyse the
cause of accidents, prevent accidents, and identify hazards and safety
concepts from the lessons learnt in accident reports [64]. Accident
analysis was a major application domain, as many subtasks in accident
analysis could be accelerated with the aid of AL The first study
employing Al in air accident analysis was published in 2018. It com-
bined multiple instance learning and deep recurrent neural networks
(RNN) for mining multi-dimensional heterogeneous time-series data in
[40]. Subsequent studies focused on post-accident analysis on extracting
textual indicators for analysing accident causes [37] and aviation acci-
dent knowledge base development [30]. However, earlier models
accomplished the task in a two-stage approach as they did not have the
natural language processing (NLP) capabilities. The first stage trans-
formed the reports into labelled datasets, while the second stage
developed classification models with respect to adverse events. Fuller
and Hook [27] analysed the impact of a safety system on accident in
terms of fatal events. With the gradual development of NLP methods like
semantic encoding algorithm [43], different researchers constructed
ML/DL models to classify accidents and incidents [28,35], while some
studies focused on a specific type of accident such as high fatality (>100)
accidents [25], accidents originated from certain regions/countries
[29,41], and helicopter accidents [33,36].

3.3.2. Accident analysis for causal factors identification with ML/DL

In causal factors identification, the outcome of accidents/incidents
and potential aircraft damage/fatality [24] and incident causal factors
[32] were identified with LSTM and attention models. Scholars also
define new methods to integrate with ML/DL for accident investigation.
Perboli, Gajetti, Fedorov and Lo Giudice [38] adopted semantic text
similarity to automatically identify the human factors in aviation acci-
dents. Ni, Wang, Chen and Lin [39] proposed the hybrid sampling cross-
validation method to enhance the classification accuracy in causal fac-
tors identification with LightGBM. Apart from factors identification,
Nanyonga, Wasswa, Turhan, Molloy and Wild [31] further developed DL
models to infer aircraft damage level in a safety occurrence from text
narratives. Nevertheless, the most recent studies highlighted the
importance of the explainability of the accident analysis Al models,
where Shapley Additive Explanations (SHAP) was used to provide global
model explanations with visualisation of their feature importance
[26,42].

3.3.3. Using LLM for accident analysis

To enable Al to understand the aviation accident reports or safety
records for accident analysis, understanding natural language with
reasoning capabilities was the prerequisite. With the advancement of
human-like conversational and reasoning capabilities in LLM, many
studies published in 2023 or after leveraged LLM to perform accident
analysis. An earlier study first constructed an accident risk network
using LLM and DL for flight training [34]. However, LLM were designed
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as generic language models that were not specifically trained to un-
derstand the context and terminologies of air accident investigation.
Hence, this deficiency shall be tackled with model fine-tuning with
prompt engineering and other methods to gain domain-specific knowl-
edge. Therefore, several studies leveraged LLM with aviation safety
domain-specific knowledge bases to empower LLM in accident analysis
tasks such as accident classification [14,16], key information and factor
extraction for accelerated analysis [15,17], and text summarisation
through analysing the narratives [19]. Other than NLP capability, the
reasoning capability was also a critical advantage of LLM in accident
analysis since accident analysis demanded a high level of reasoning to
identify the root causes of accidents and human errors using Bidirec-
tional Encoder Representations from Transformers (BERT) and data
from the Aviation Safety Reporting System (ASRS) [22,23]. To achieve
accurate accident analysis, the prompt design was critical [13]. Liu, Li,
Ng, Han and Feng [20] combined the Human Factors Analysis and
Classification System (HFACS) and Chain of Thought (CoT) prompt
design to analyse accidents and concluded that LLM outperformed
human experts in inferring certain types of human errors. In addition,
LLM could achieve a better performance in accident analysis with
knowledge graph [18] and Retrieval-Augmented Generation (RAG)-
aided causal identification model [21] to extract the key details from the
unstructured/semi-structured text with the National Transportation
Safety Board (NTSB) reports. From the literature, we could observe that
the accident analysis with Al was gradually transforming from sup-
porting tasks like data extraction and causal factor classification using
ML/DL techniques to high-level reasoning analysis using LLM, while the
previous remained essential to serve as a cornerstone for subsequent
reasoning analysis.

3.3.4. Accident prevention and prediction

Apart from accident analysis, it was also significant to have early
accident prevention by predicting the occurrence and severity of acci-
dents using information from safety reports [57]. Zhang and Mahadevan
[53] pioneered in flight accident prediction and developed a predictive
model for the severity of abnormal flight events based on risk levels.
Several studies took a macro perspective to forecast the occurrence of
accidents/incidents, such as the monthly accident rate [51,55], while
some studies focused on a micro level to predict aircraft damage level
[44,47], accident type [46], injury levels [52], flight incident rate for
unsafe events [56], and fatality rate of aviation accidents [48]. Some
studies merely focused on certain types of factors like human factors
[50,54]. Apart from accident prediction, the prediction quality was also
essential, where the problem of imbalanced classes in training data can
be addressed with Bayesian optimisation [45]. Su, Sun, Peng and Guo
[49] presented a two-stage approach to identify the key influencing
factors of the accidents using improved Gray correlation analysis and
predict accidents. This approach had the advantage to gain a better
understanding of the relationship between different influencing factors
to improve the prediction accuracy.

3.3.5. Hazard identification and safety concept extraction

Rather than performing large-scale accident analysis, several studies
focused on a smaller scope to identify the hazards of the accidents. Based
on Aircraft Communications Addressing and Reporting System (ACARS)
data, Zhou, Zhuang, Zuo, Wang and Yan [58] optimised an SVM with
particle swarm optimisation and LSTM to identify the in-flight hazards.
Xiong, Wang, Wong and Hou [59] first leveraged BERT to process
aviation maintenance reports to identify the potential hazards during
operations, followed by using Bidirectional LSTM and Conditional
Random Field (CRF) to extract the underlying safety hazards. Ricketts,
Guo, Pelham and Barry [62] constructed a question-answer LLM for
hazard identifications using an incident dataset from the Air Safety In-
formation Management System (ASIMS). Su [60] designed a HFACS-
based hazard identification system for ATC using CNN and BERT.
Hou, Wang, Xiong, Zhou and Yue [61] acknowledged that uncertainty
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existed in hazard identification model parameters with overconfident
point estimates. Therefore, they employed a Bayesian multi-scale
attention CNN with a Monte Carlo dropout mechanism to estimate the
internal randomness of the model to account for the uncertainty. Finally,
Chandra, Jing, Bendarkar, Sawant, Elias, Kirby and Mavri [65] fine-
tuned BERT with accident and incident text narratives from the NTSB
and ASRS as the Aviation-BERT, which was designed to automatically
extract safety concepts from the accident/incident reports to yield in-
sights into safety.

3.3.6. Integrated knowledge graph and Al for accident analysis

A knowledge graph (KG) is a structured representation of data that
describes the entities and their relationships. The use of KG provided an
opportunity to integrate a large pool of scattered pieces of information
and transform them into useful knowledge relationships. Particularly,
LLM could couple with the constructed KG to respond to queries about
the aircraft accidents. In this regard, Agarwal, Gite, Laddha, Bhatta-
charyya, Kar, Ekbal, Thind, Zele and Shankar [12] first constructed an
Aviation KG using NTSB reports to identify the relationships between
different entities in accidents. They further developed a ques-
tion—-answer system based on BERT and GPT-3 and use the Aviation KG
to guide the LLM for response. Jing, Sawant, Bendarkar, Elias and Mavris
[63] further expanded the Aviation KG with the metadata of the reports
and the narratives. They adopted an Aviation-BERT [65] to classify
unstructured narratives by extracting comprehensive sequences of
events for advanced aviation safety analysis. Hence, the joint use of LLM
and knowledge graph provided a more reliable platform for under-
standing the relationship of accident report entities and conducting
accident analysis.

3.4. Operational safety and Al-driven systems

3.4.1. Landing safety

Landing was considered the most complicated flight phase as the
time to correct or react decreased to touchdown. Unsafe landings posed
significant safety risks to onboard passengers and crews and resulted in
many aviation accidents. Among various unsafe landings, a hard landing
was one of the commonly observed problems, which was defined as the
exceedance of the touchdown limitation loading value during landing. A
hard landing might result in aircraft damage and passenger injuries.
Therefore, researchers focused on preventing a hard landing from
happening via early detection of precursors. Most studies adopted data
from the Quick Access Recorder (QAR) data [139] with LSTM [144] and
multi-head self-attention transformer model [130]. Gil, Hernandez-
Sabate, Enconniere, Asmayawati, Folch, Borrego-Carazo and Angel
Piera [125] constructed a cockpit deployable ML and DL system to
model the temporal dependencies using data from the Flight Monitoring
System (FMS) for hard landing prediction. Apart from hard landing,
unstable approach risk misperception and landing are also detected
[128,134]. In addition, the touchdown vertical speed is also a critical
factor affecting landing safety, where DASHIlink data was leveraged with
a probabilistic Bayesian neural network to forecast the vertical speed of
aircraft at touchdown [127]. Later publications also focused on the
interpretability of the model by the time steps having the highest rele-
vance with hard landing [137], as well as the product of the attention
score of the parameter and that of the time in each parameter [140].

Other studies also predicted different landing performance metrics,
such as landing speed [124,138], landing pitch [126], and long landing
[141], using LSTM-based models to capture the temporal dependencies
for time-series prediction. Puranik, Rodriguez and Mavris [131] also
applied Random Forest (RF) to estimate the true airspeed (TAS) at
touchdown and extended the prediction to ground speed (GS). Several
studies also focused on detecting anomalies during landing using an
encoder-decoder classifier [133] and neural networks [142]. These
studies provided a foundation for analysing landing safety in more
complex scenarios, like the presence of wind shear [129], which
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facilitated the assessment of safety risk at landing [135,136] and
determined the likelihood of go-around [132]. Finally, a recent study
offered a new perspective on landing safety to detect anomalies on the
braking controllers that were used to decelerate the aircraft after landing
[143], which was complemented with the study conducted by Dmitriev,
Rhein, Beller, Broecker, Huber, Schumann and Holzapfel [179] on a
safety assessment of aircraft emergency braking systems. These two
studies were also an indispensable part of landing safety.

3.4.2. Anomaly detection and pilot operational risk identification

While much research focused on landing safety, identifying
abnormal flight events in a timely manner was also critical in ensuring
safe flight operations [149]. Smart, Brown and Denman [9] first quan-
tified the abnormalities from flight data at a certain height to identify
the flight with height at the largest difference and the corresponding
flight parameters. Gao, Xu, Wang, Wu and Su [167] proposed an LSTM
autoencoder to first reconstruct the inputs and adopted a constraining
layer to gather the learned semantic features to make flight data outliers
more distinguishable. Mangortey, Monteiro, Ackley, Gao, Puranik,
Kirby, Pinon and Mavri [146] enhanced the model training by a clus-
tering algorithm to group similar flights and identify abnormal opera-
tions that trim the large-scale dataset for abnormal flight event and risk
identification, making the model computationally tractable. This
approach echoed the study by Tato, Nkambou and Tato [180] that
revealed models learned from several meaning flight segments could
outperform those learned from the whole data. Xiong, Wang, Hou and
Wong [152] identified the safety risks using a hierarchical branching
CNN-Bidirectional LSTM. It assessed finer-grained risk patterns and re-
lationships through detecting safety hazards and their associated attri-
butes. Sun, Yang, Zhang, Jiao and Zhao [153] constructed a three-stage
Probability Severity-Autoencoder-LSTM algorithm to assess the risk
levels of flight events. Other than identifying high-severity flight events
using QAR data [170], there were also studies that adopted publicly
available data sources to identify anomalies in flight operations like
automatic dependent surveillance-broadcast (ADS-B) [150], as well as
some innovative approach like an energy-based approach [147].

Nevertheless, like other studies in aviation safety, the explainability
of DL/ML decisions remained essential in a safety—critical domain [168].
Therefore, latent space explanations were adopted to enhance the
transparency of the model, where the results was promising even if only
a small portion of the data was labelled [145,148]. Li, Shang, Zheng,
Wang, Liu, Liu, Li, Cao and Sun [169] further implemented the class
activation mapping (CAM) method for image classification interpreta-
tion in a temporal convolutional network (TCN) to interpret flight safety
predictions. Among many studies focusing on anomaly detection on
abnormal flight behaviours and critical parameters [166], Xiang, Gao,
Gao, Zhang and Zhang [151] adopted a different approach to identify
the precursors of anomalies. They utilised multiple-instance learning to
reveal the anomaly precursors so that timely corrective actions could be
implemented before anomalies occurred.

3.4.3. Intelligent agents for collaborative flight operations

With the gradual development of the capability of AI, Al can now act
like an intelligent agent that provides human-like conversation rather
than only performing classification or regression tasks. These kinds of
interaction made AI more accessible to the public and generic in
responding to a variety of problems. Hence, the initiatives to achieve
human-AI teaming was rising so that Al agents could act as an assistant
or coworker for collaborative operations [171]. These initiatives echoed
the concept of reduced crew operation (RCO) and single-pilot operations
(SPO). While SPO could bring multiple benefits including reduced
operation cost, while deserving greater attention on its human perfor-
mance aspect — whether SPO could achieve the task requirement that
was designed for two pilots, is still under discussions by different
stakeholders [189,190]. Nevertheless, several studies have pioneered in
designing a virtual copilot using Al and LLM to act as a copilot to assist
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human pilots in achieving SPO. Dong, Chen, Zhao and Wang [174] first
utilised a bidirectional LSTM to model the intention tendency of pilots’
behaviour in SPO. By understanding the underlying intention, safety
hazards caused by inconsistent operations between pilots and cockpit
automation can be avoided. Li, Feng, Yan, Lee and Ong [172] leveraged
a multimodal LLM to design an automated quick procedure searching to
provide real-time support during flight operations. They identified the
requirements that a virtual copilot should meet, including functionality
of facilitating basic collaboration, functionality of providing reliable
information to pilots, ease of use, and social needs to prevent isolated
feelings during long flights. The concept of virtual copilot was further
integrated with neuroergonomics to design a context-aware adaptive
LLM to provide different visual, auditory, and text-based cues according
to the pilot’s cognitive workload measured with fNIRS [173], which
utilised the reasoning capabilities of LLM were utilised to provide
adaptive instructions to align with the pilot’s instantaneous cognitive
load, focus, and procedural context. Al assistants also serves as a safety
risk warning model to predict the risk and risk severity based on QAR
data and provide pilots with explainable advisories [26,178].

3.4.4. Development of Al assistants for ATCOs

Al was also leveraged in many assistant systems in aviation to
facilitate the work of operators. Among the Al assistants, most of them
were assisting ATCOs to prevent mid-air and on-ground collision and
conflicts via adherence to separation minima. Indeed, the existing con-
flict resolution models had deficiencies that made it hard to satisfy the
real-world ATC need in terms of state and action dimensions [160].
Therefore, Janson, Ahlbrecht and Durak [161] proposed the OpenCAS
based on feedforward neural networks, while Han and Huang [160]
utilised reinforcement learning (RL) to let Al agents learn separation
assurance policies during simulation interaction. Papadopoulos, Bastas,
Vouros, Crook, Andrienko, Andrienko and Cordero [165] further
enhanced graph convolutional reinforcement learning to yield high-
quality conflict resolution solutions for ATCOs. Meanwhile, the tempo-
ral dynamic behaviour of flight trajectories could be captured using
LSTM for conflict resolution [164]. However, these system-wise ad-
vancements on Al-based conflict detection and resolution also need to
interact with human ATCOs. Stefani, Jameel, Gerdes, Hunger, Bruder,
Hoemann, Christensen, Girija, Koester, Krueger and Hallerbach [162]
recalled the European Union Aviation Safety Agency (EASA)’s initiative
on the usage of Operational Design Domains (ODD). They defined an
initial ODD as an Al-driven digital team partner of ATCOs on safe-
ty—critical tasks like conflict detection and resolution. This concept was
utilised to improve the interaction between human ATCOs and the Al
digital team partner [106]. To further capture the communications,
intention, and behaviours, Lin, Deng, Chen, Wu, Zhang and Yang [122]
constructed a multimodal ATCOs monitoring framework with ASR,
intent inference, and safety monitoring using DL. These human-like Al
agents could interact with human operators to formulate a team to
achieve ATC tasks.

3.4.5. Human attribute screening and training

Al was also adopted in modelling other human attributes. Van Ben-
them and Herdman [182] proposed a cognitive health screening tool for
older pilots to ensure they were fit for flying in a more efficient manner.
Other than age, personal qualities such as honesty were also critical in
the flight deck and ATC environment, as dishonest acts like under-
reporting of accidents/incidents might result in safety consequences. In
this regard, Meng, Peng, Zhang, Chen, Huang, Chen and Zhao [183]
adopted XGBoost to predict honest behaviours across pilots and ATCOs
in different personality traits and gender, which facilitated the recruit-
ment processes for identifying the suitable candidates.

Training was also another indispensable part of flight safety that
ensured operators had gained the appropriate knowledge and qualifi-
cations that enable them to carry out their duties. Hence, Zhang, Zhang,
Guo, Zhou, Wu, Yang and Lin [175] developed an automatic repetition
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instruction generation using attention-based models with a real-world
ATC corpus. Similarly, Lin, Wu, Guo, Zhang, Yin, Yang and Zhang
[176] also created an autonomous pilot agent with sequence-to-
sequence (Seq2Seq) text mapping to generate the text repetition in-
struction and a transformer block to enable TTS. These applications,
while being the minority, were also critical to enhance flight safety from
a preventive design perspective.

4. What AI algorithms and models are adopted in research and
practice to enhance aviation safety?

In this section, we analyse the distribution of AI algorithms and
models across different application domains. Three different types of
models, including LLM, DL, and ML, are evaluated. By evaluating the
model characteristics and the task nature, we can reveal the rationale of
model selection. Table 2 summarise the key model, their categories, and
their main application domains. Then, Section 4.1-4.4 discuss the key
models in each category to demonstrate how these commonly adopted
models enhance aviation safety.

4.1. Large language models

With the gradual enhancement in computational resources in the
past decade, there has been a rapid development of LLM that could
process natural language and provide feedback on a variety of subject
matters. In LLM, more than a billion, or even a trillion, parameters are
pre-trained on a large dataset to equip computers with advanced lan-
guage processing and reasoning capabilities. Unlike traditional DL/ML
requires interpretation on the classification output, LLM have a unique
feature of excelling at producing human-like text so that users can
directly interpret the output like usual conversations. Nevertheless, most
of these models are generic in nature. They have a variety of generic
knowledge in multiple disciplines instead of a specific discipline. How-
ever, most safety—critical disciplines demand a high level of related

Table 2
Key models of each category and their main application domains.

Models Main application Reason

domains

Large language models

BERT Accident analysis

OpenAl - GPT Accident analysis,
development of agents
(virtual copilot)

Superiority in NLP
Strong reasoning and
conversational ability to
collaborate with human

operators
Meta — Llama Accident analysis, safety Open-source and superiority
prediction in NLP
Deep learning models
LSTM Landing safety, flight risk ~ Capturing temporal
prediction, human dependency in time-series
performance assessment data
Neural Networks — Human performance Image and spatial data
Convolutional assessment processing for
neuroergonomic data
Encoders/Decoders Anomaly detection Ability to reconstruct normal
Autoencoders/ data patterns to identify
Transformers/ anomaly
Attention
Machine learning models
SVM All applications as Efficient computation

baseline

All applications
Accident analysis, human
performance assessment

Robustness with new data
Hierarchical for explainability

Random forest
Decision Tree

XGBoost/LightGBM/ Accident analysis, human  High performance in
Other gradient performance assessment capturing complex
boosting relationships
algorithms

Hybrid models

CNN-LSTM All applications Spatiotemporal modelling
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expertise instead. Therefore, fine-tuning enables LLM to become capable
for aviation safety and accident analysis. Fig. 4 shows the distribution of
the use of different LLM as base models for fine-tuning.

From Fig. 4, BERT is the most adopted model (n = 10) as it is
considered a pioneering language model. It is built based on a trans-
former DL architecture trained using next sentence and masked token
prediction. As an influential language model, many later LLMs are
developed with reference to BERT. Hence, BERT is the most utilised
model among the studies, given its longer history. The majority of these
studies are dedicated to accident analysis [21,23,34,52,59,60,62].
However, the GPT family from OpenAl (n = 7) and the Llama family
from Meta (n = 5) are also gaining gradual attention in aviation safety
applications. In particular, the novel versions of GPT models (GPT-4
beyond) feature strong reasoning capabilities that align with the need
for a trustworthy model and high-level tasks such as accident analysis
and virtual copilot [20,172]. Particularly, virtual copilots require
decision-making and conversational ability. The combination of these
two capabilities in reasoning LLMs can address the requirement of a
virtual copilot. Meanwhile, Llama models are open-source and highly
customisable. With their superiority in NLP, Llama models are fine-
tuned to understand the context of aviation safety with text summa-
risation, accident analysis, and safety prediction capabilities
[15,16,18,19,64]. However, LLMs and their variant large multimodal
models (LMMs) are less prevalent in human performance assessment.
This phenomenon may be attributed to two key reasons: human per-
formance assessment usually does not rely on LLM’s NLP capability for
text processing, and the lack of sufficient high-quality data for compu-
tationally intensive fine-tuning in large-scale models. Nevertheless, LLM
has the unique feature of producing human-like text, which is promising
for wider applications.

4.2. Deep learning architecture

Apart from LLM, DL models are also widely used in aviation safety.
Fig. 5 shows the distribution of DL model usages. For hybrid models
under multiple categories (e.g., CNN + LSTM), each of the elements is
counted once in each category.

We observed from Fig. 5 that the most used DL architectures are LSTM
and CNN/neural networks with convolutional layers. LSTM is a type of
recurrent neural network (RNN) that has the advantage of processing time-
series data. It can recognise the information in a sequence that might sub-
sequently require and the timing at which the information was no longer
required. In real-world online systems like aviation, much data is recorded in
a time-series manner, so the temporal dependency of data is also critical in
prediction. For instance, there can be precursors in a hard landing, such as
the vertical speed of the aircraft during the landing phase. Such speed in-
dicators are changing with time, which facilitates the prediction of landing
parameters or flight risks if the temporal difference is captured by the model.
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Fig. 4. Distribution of large language models adopted in different studies.
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Fig. 5. Distribution of deep learning architectures adopted in different studies.

Hence, LSTM has been utilised to capture the temporal relationship of time-
series flight data for predicting hard landing and landing stability
[124,126,127,138,141,144]. Apart from landing safety, LSTM have also
been adopted for predicting flight safety risks [152,153,167,178] and
adaptive coaching [180]. Human performance monitoring is also another
critical application that relies on time-series physiological data input like
EEG [73,86,91,92,111,113,115,116,118,121]. Capturing the temporal de-
pendency in these data may be essential to reveal the precursors to facilitate
the prediction of safety-threatening scenarios. Conversely, as the character-
istics of LSTM do not align with offline applications like accident analysis,
they are not used in offline applications.

On the other hand, convolutional layers are superior in image pro-
cessing as they preserve spatial relationships in the data and learned
hierarchical features. Hence, CNN is widely adopted to applications
requiring image processing, such as human performance assessment.
Indeed, neuroergonomic data are often collected through EEG, ECG, and
fNIRS, etc., to obtain physiological indicators for objective assessment of
operators’ state. These physiological indicators are often transformed
into spatial data or images for learning. Hence, CNN are widely adopted
in spatial processing of physiological data on mental states assessments
of operators [68,70,72-74,78,79,83,84,89,92,110,111,113-118,121].
Indeed, many studies combine these two architectures to formulate
spatiotemporal models, which will be discussed in Section 4.4.

Apart from spatiotemporal models and generic neural network
models, the rise of advanced DL models such as encoders, decoders,
autoencoders (n = 13), transformers (n = 6), and attention-based
models (n = 8) is also receiving surging attention in aviation safety
applications. They have superior performance in completing multimodal
tasks with higher adaptability for modularised training. Among them, an
autoencoder is used to reconstruct normal data patterns so that anom-
alies can be detected when reconstruction errors exceed a predefined
threshold. In aviation, accidents and incidents are unwanted and rela-
tively rare. Hence, developing a classification model with insufficient
samples from a less prevalent class can be challenging. As a result, these
advanced and recent models are thus adopted to enable anomaly
detection for enhanced safety [133,143,145,148].

4.3. Machine learning models

Apart from advanced and computationally intensive DL models,
conventional ML models are also the cornerstones of data-driven avia-
tion safety models. Fig. 6 shows the distribution of the use of conven-
tional ML models in the studies reviewed.

From Fig. 6, SVM is the most used ML model (n = 29), which many
studies adopted it as a baseline model for performance comparison on
risk mitigation [9,128,182], accident analysis and prediction
[26,37,44,47,49,53,54,57,58], human performance prediction
[67-69,71,75,77,82,85,88,90,93,102,104,105,108,109,112] given its
ease of computation. It does not require heavy computational resources,
which offers an efficient baseline comparison option across different
application domains. Tree-based models, such as random forest (n = 24)
and decision trees (n = 18), are also classical ML models that have been
used for decades. While random forests are favourable for their
robustness with new data, decision trees are highly explainable given
their hierarchical and rule-based structure. It offers a clear visual rep-
resentation of the decision-making process, which aligns with the
trustworthiness requirements in aviation safety. As a result, random
forest is more generic to all types of applications, while decision trees are
often observed in applications requiring a higher level of explainability,
like accident analysis [25,27,33,48,51] and human performance moni-
toring [70,71,88,90,101,109]. Hence, these supervised learning models
are widely adopted in earlier ML studies in aviation safety, given their
advantages in processing high-dimensional data and explainability.
Nevertheless, decision trees are often prone to overfitting. Their accu-
racy in some complex tasks may drop when they cannot capture the
complex relationships in a larger dataset. Hence, novel boosting algo-
rithms such as XGBoost (n = 10), LightGBM (n = 5) and other gradient
boosting algorithms (n = 9) are used, given their high performance and
speed. While boosting algorithms have the advantage in efficiency, their
performance on highly unstructured data, such as images and audio,
may be limited when compared to DL models. Hence, they are mainly
applied in accident analysis [33,35,36,39,41,51] and human perfor-
mance assessment [75,90,107,109]. The clustering models are less used
in aviation safety, but the main application is to extract or reduce fea-
tures from the feature clusters. Hence, different models are applied
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Fig. 6. Distribution of conventional machine learning models adopted in different studies.

based on the requirements so that the most appropriate model can be
developed to align with the context, while these conventional models
also serve as the baseline models for comparison with DL models.

4.4. Hybrid models

Indeed, instead of using a single model, multiple models and DL layers
can be combined to satisfy multiple design requirements of a certain speci-
alised context. The most common case is the combination of CNN and LSTM
(n= 13) [28,73,92,111,113,115,116,118,121,122,141,152,158,159],
which combines the spatial capability of CNN by performing convolutional
operations on the data with the temporal dependency of LSTM. This com-
bination satisfies the requirement of most Al tasks in aviation operational
safety, as operational data are often changed with time and include spatial
data, regardless of aircraft manoeuvres or human neuroergonomic assess-
ments. With the gradual rise of attention-based models, convolutional layers
are also combined with attention to form hybrid models for a wide range of
applications like workload assessment [74,78], hazard identification [61],
and hard landing prediction [140]. These hybrid models benefited from the
superiority of each of the models combined, which generally yielded a higher
level of accuracy.

5. What challenges remain and how future research can
promote applications of Al in aviation safety?

In this section, we conducted a thematic analysis on the literature
reviewed to examine the technical challenges that hinder Al and LLM in
wider aviation safety applications. Based on our manual thematic
analysis, we revealed three four challenges from the literature, including

10

trustworthiness of Al models, regulatory barriers, human-Al interaction,
and the dataset synchronisation, representativeness, and privacy. Pin-
pointing at each challenge discussed, we propose a future research
paradigm to tackle such challenges and further enhance aviation safety.
Furthermore, we revisited the future work proposed by each study and
evaluated how their proposed future work echoes with our themes.

5.1. Trustworthiness of AI models

5.1.1. Challenges on explainability

While Al has been leveraged in multiple aspects of aviation safety,
many models remain purely data-driven based on statistical relation-
ships learned from the training data. Due to its data-driven nature, one
of its main challenges is its trustworthiness [191], as a trustworthy Al
should be transparent, reliable, and ethically designed for applications
in safety—critical domains [192]. The lack of transparency is often
described as a “black box”, indicating that the reasoning behind the
decision of Al is unknown to human operators [193]. It is difficult for
human operators, regulators, and investigators to trust or validate an Al
model’s recommendations or actions. Additionally, bias in training data
may lead to inaccurate or unfair outcomes, particularly in diverse and
complex operational environments in aviation, where even fine-tuned
Al may not work out the optimal solution. Wrong Al decisions may
cause faulty recommendations to end-users and result in further acci-
dents [194]. In accident analysis and prediction, it is critical to under-
stand the intermediate process in a logical way of deriving the causes of
accidents. It also aids in designing countermeasures to mitigate such
accidents. On the other side, the mental state classification process with
neuroergonomics is usually complex and hardly understandable by
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operators. Providing explanations to operators can enhance their con-
fidence in the outputs of AI models. In operational safety systems, the
decision aids shall also be explainable so that operators can determine
its trustworthiness. Summing up, “black boxes” shall be mitigated as far
as possible for an informed, justified, and trustworthy decision.

Indeed, several explainable AI (XAI) approaches are developed to
explain the model outputs in a post-hoc manner to enhance trustwor-
thiness. Among XAI approaches, Shapley Additive Explanations (SHAP)
is the most adopted method in aviation safety to explain the outputs of
“black box” models. SHAP is a game theoretic approach that utilises
Shapley values to explain the reasoning behind the prediction for a
specific instance and the contributions of its predictors [195]. These
Shapley values offer a fair way to distribute the overall value generated
by features in all possible combinations. It aims to evaluate the impacts
of each feature on the model output to explain the prediction [196].
Hence, SHAP was used to explain the model outputs on classifying
mental state [114], mental workload [70,81], situational awareness
[103], human out-of-the-loop [118], honest behaviour [183], and ac-
cident predictions [26,42].

While SHAP represents a significant advancement in enhancing the
trustworthiness of Al models, several challenges remain that hinder
their widespread application in aviation safety. A notable challenge is its
computational complexity. With the number of features and samples
increasing, SHAP becomes computationally expensive, especially when
there are a lot of samples. It was difficult for researchers to compute
Shapley values for all possible cases, limiting the validation of the
model’s explainability. Hence, most SHAP studies merely adopted a
small sample to demonstrate the effectiveness of SHAP in explaining
model output, given the long computational time. There are no unified
ways to assess the explanation performance, but on a “case-by-case”
basis: SHAP may explain some samples very well but simultaneously
may explain some samples very poorly. Another limitation is its post-hoc
nature. SHAP explains the model outputs by highlighting the features
but does not explain the decision-making process of Al Hence, the
outcome of SHAP may not always align with the decision-making behind
the AI model. Instead of truly interpreting how the model works inter-
nally, SHAP only approximates the reasoning behind predictions, which
can still leave room for misinterpretation, especially in high-stakes do-
mains like aviation, where absolute clarity remains essential.

5.1.2. Solution: Advancement in explainable Al

To achieve trustworthy Al in aviation safety, there is a need to
advance XAl technologies to achieve global explanation performance.
This is applicable to all types of applications, including accident analysis
and prevention, human performance assessment, and operational safety
system design. Indeed, SHAP have a high computational complexity as it
relies on Shapley values to evaluate all possible feature combinations for
a fair contribution assessment. Future research may focus on con-
structing inherently interpretable models that do not rely on post-hoc
feature attribution to assess the contribution of each feature [191].
For instance, self-explainable architectures can provide both global in-
sights into the model’s logic and local explanations for specific pre-
dictions. Indeed, several research have made progress towards this
direction, such as the use of graph neural networks with linear temporal
logic (LTL) [119] and interlayer explanation [45]. However, the previ-
ous method generates different LTL formulas in each combination. The
formula may only be able to observe a general trend in the model but not
for any specific cases. The latter method does not provide implications
but only explains the model structure instead of the data. Therefore,
these methods can be further developed for an explainable analysis so
that trustworthy explanations can be made. Furthermore, the trace-
ability is also critical so that human operators can trace back to the
original data that contributed to the prediction or action. A confidence
score and reference data can be provided along with the AI’s explanation
to ensure every AI's decision is traceable. Lastly, another promising
direction is the development of causal explainability frameworks that go
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beyond identifying feature contributions to uncovering causal re-
lationships between inputs and outputs. Instead of identifying feature
contributions only, the causal relationship between features/factors
shall also be incorporated in the design of such AI models. Human op-
erators shall be able to understand the causal factors to identify the logic
and step-by-step thinking flow of AI, which is critical in aviation for
predicting and mitigating risks.

In particular, the CoT approach to fine-tune LLM can be integrated
inherently in AI model design so that the model can be self-explanatory
for humans to understand their reasoning. In the following, we present
an example of utilising CoT in each application domain. For accident
analysis, a hierarchical approach, such as the HFACS, can be integrated
with LLM prompt design. A step-by-step CoT can guide LLM to think
according to the specified approach. Hence, it enhances the traceability
of errors and provide a suitable explanation to each LLM action. This
approach mitigates hallucinations and randomness in LLM so that
human investigators can understand the logic behind LLM’s response.
Unlike accident analysis, there was no specific approach for human
performance assessment that could be directly integrated. However, CoT
can be applied by breaking down the main task (e.g., predict cognitive
workload) into multiple subtasks. For instance, if EEG was adopted as
the data source, LLM can be asked to compute the spectral features like
theta and beta waves and comment on the results before making a
conclusion. This approach helps LLM to identify the key components for
identifying and predicting mental states. For operational safety, we take
a hard landing as an example. Hard landing is usually characterised as
the excessive vertical speed and ‘g’ loading. A CoT design can first help
LLM to derive these parameters and determine whether abnormal values
are observed. Then, LLM can conclude whether a hard landing occurred
based on the values and explain its decision process accordingly. All
these designs enhanced the explainability of the model to understand
the decision logic. With a clearer understanding of a human-like con-
versation, human operators are more likely to trust these systems.
Therefore, by designing inherently interpretable models, ensuring
traceability in the models, and embedding causal reasoning into models,
researchers could enhance the explanatory power and trustworthiness of
Al systems, ensuring they align more closely with real-world aviation
dynamics.

5.2. Regulatory barriers

5.2.1. Challenges on regulatory compliance

While AI holds significant promise for enhancing aviation safety,
there are many challenges beyond advancing Al technologies. For
instance, regulatory compliance remains the key hurdle and presents
substantial challenges that must be addressed in parallel. Currently,
there is a lack of standardised guidelines and evaluation frameworks for
the design, implementation, and certification of Al systems in aviation
safety, which leaves developers without clear pathways to compliance.
The rapid evolution of Al technologies often outpaces regulatory adap-
tation. Indeed, Al, especially generative Al, often exhibits uncertainties
and randomness in its outputs. Hallucination is one of the key concerns
that AI’s response presents false or misleading information as facts. It
results in challenges to provide a ground truth efficiently to detect
hallucinations from Al, and the way to certify whether the Al is
considered acceptable in meeting stringent aviation safety standards. In
complex models, it is particularly challenging to ensure transparency,
accountability, and traceability in safety—critical applications. The
absence of harmonised international standards further complicates the
deployment of Al solutions across different jurisdictions. The account-
ability considerations are also a contentious issue: Who should bear the
ultimate responsibility for AI's decisions? For instance, if an Al model
provided an explainable yet incorrect prediction that resulted in an ac-
cident, it remains unclear how liability shall be distributed between the
Al developers, end-users (operators), and regulators. Therefore, Al shall
be integrated with robust regulatory oversight and traditional safety
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measures to ensure comprehensive and reliable improvements in avia-
tion safety.

5.2.2. Solution: Development of frameworks and criteria for Al certification

Currently, there is a lack of an established regulatory framework for
compliance. Hence, the certification and legal framework for Al in
aviation safety shall be developed. It can be divided into two key parts:
the design requirement and the design certification for safe Al in avia-
tion. The EASA [197] published the AI Roadmap 2.0, specifically
designed for aviation applications. It highlighted seven requirements
advocated by the EU High-Level Expert Group on Al [198]. These re-
quirements include (1) human agency and oversight, (2) privacy and
data governance, (3) diversity, non-discrimination and fairness, (4) so-
cietal and environmental well-being, (5) accountability, (6) technical
robustness and safety, and (7) transparency. The EASA [197] further
introduced four building blocks, starting with an Al trustworthiness
analysis that characterises and assesses the safety, security, and ethics of
AL Then, Al assurance and human factors of Al encompass the devel-
opment and operational explainability for developers/auditors and end
users, respectively. Finally, Al safety risk mitigation acts as a follow-up
approach to mitigate the residual risks caused by the ‘black box’.
However, these design requirements remain to be general initiatives.
How can these design requirements be transformed into specific design
rules/standards? How can these standards be measured? Without a well-
established standard and assessment methodologies, researchers and
practitioners might find it hard to achieve compliance.

Hence, future research shall consider designing a set of specific
standards and evaluation methods grounded on real-world evidence.
These research outcomes echo the recent public consultation by the
EASA on developing future requirements for Al-based assistance and
human-AI teaming [199], which provides evidence-based recommen-
dations to shape future Al standards in aviation safety. All these efforts
facilitate Al designers to design according to the standards. Neverthe-
less, how Al can meet stringent conventional aviation safety standards
remains uncertain [172], especially whether absolute clarity is required
in decisions. In addition, the consultation by the EASA only considered
the operations. Further research is required to develop standards for
applications in accident investigation and analysis. Particularly, the li-
ability issues between human and Al air accident investigators when Al
is employed to analyse accident causes, or even to provide safety rec-
ommendations, shall be clearly defined. These challenges underscore
the need for continued research into Al certifications that are not only
accurate and scalable but also interpretable, standardised, and aligned
with the unique demands of aviation safety.

5.3. Human-Al interaction

5.3.1. Challenges on human-Al interface

With the outstanding task performance demonstrated in the
reviewed studies, it is undoubtedly that (explainable) Al models have
the capability and potential to enhance aviation safety through
enhanced human performance assessment, accident analysis, support
pilots to land safely, and assist ATCOs to ensure sufficient separation is
made between aircraft. However, we realised that there remains a crit-
ical deficiency in the human-Al interaction from the literature. From the
studies reviewed, we found that most previous research on AI/LLM in
aviation safety primarily focused on what AI agents and models can be
built to assist the operators. In other words, existing research focused on
developing new Al ‘products’, i.e., new models and agents designed to
address specific functional needs of pilots, ATCOs, and accident in-
vestigators in their operations, such as accident analysis, abnormal
human performance detection, and hard landing prediction. While novel
Al ‘products’ are essential, researchers often overlook an equally
important aspect: how human operators adapt to these systems and how
effective interaction between humans and Al agents can be achieved.

The current focus on model development neglects the complexities of
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human-AI collaboration, which is essential for ensuring the successful
integration of Al into safety—critical aviation operations. For example,
while an Al model may generate highly accurate predictions or recom-
mendations, its functionality is limited if pilots or ATCOs cannot un-
derstand, trust, or effectively utilise the information provided by AL In
neuroergonomic studies, most studies often propose novel classification
models on different mental states but lack implications on how the
classification can be applied to perform necessary corrective actions to
ensure flight safety. Even though classification results are available, how
these results from Al can be utilised by human operators is not specified.
In Al-based safety systems, rather than only providing classification/
clustering results, pilots/ATCOs also need to understand how they can
utilise the information/suggestion to perform the corresponding actions.
For instance, if a hard landing is predicted or identified, what shall be
the preventive or remedial action that can be taken to minimise the
impact? In accident analysis, Al may also be subject to many limitations
on the knowledge base and experience, which demand the inputs from
human SMEs in certain decisions. Without a proper iteration cycle be-
tween AI’s decision and human SME’s comment, the recommendations
suggested by Al may not be fully feasible and reliable. In this regard,
rather than fully relying on Al, the effective interaction between humans
and Al is thus the cornerstone. The creation of human-Al teams in
analysing complex scenarios may further enhance the overall perfor-
mance. Hence, it is critical to design the interface/protocol through
which humans interact with Al systems.

Furthermore, some novel Al systems can be adaptive to learn from
new data sources. However, human operators also need time to learn
and adapt to these systems. Without proper interface designs and
training, there is a risk of over-reliance on Al, where human operators
accept all recommendations without critical evaluation, or under-
utilisation, that human operators neglect Al outputs due to mistrust or
other reasons. Nevertheless, the importance of human-Al interaction
often receives insufficient attention in research.

5.3.2. Solution: Hybrid intelligence design for human-AI teaming

Upon building the human’s trust in Al future research shall also step
forward to achieve human-Al teaming for aviation safety. It must be
acknowledged that both humans and AI are not ‘perfect’: they have
different expertise and deficiencies. Al is not designed to replace humans
but to augment human expertise. They excel in different areas so that the
strengths of both can be leveraged to enhance the overall task perfor-
mance. Ultimately, hybrid intelligence can be achieved that yields a
higher level of aviation safety.

In hybrid intelligence, both human and Al expertise are placed at the
centre of the system design (Fig. 7). Humans and Al are designed to
collaborate with each other so that a positive synergy can be achieved
with the expertise from aviation safety. To achieve effective collabora-
tion, Battiste, Lachter, Brandt, Alvarez, Strybel and Vu [200] suggested
three key tenets of human-automation teaming (HAT), including
transparency, bi-directional communication, and operator-directed
execution. The three key tenets can be transferred to the human-Al
teaming context. The first tenet of transparency is part of the

Artificial
Intelligence

Human
Intelligence

Hybrid

Intelligence

| Design for Seamless Human-Al Teaming |

Fig. 7. Concept of hybrid intelligence.



C.Y. Yiu et al.

trustworthiness issues of Al, which can be resolved by the explainable Al
and Al certification strategies proposed previously. By developing ac-
curate mental models of an Al model’s functioning, operators shall be
more willing to place trust in the AI systems. The second tenet, i.e., bi-
directional communications, implies that human and Al shall enter a
dialogue on “how to achieve their shared goals the best”. To achieve so,
both human operators and Al systems must first share a common un-
derstanding of the task, context, and objectives. It can be achieved by
constructing a shared mental model between humans and Al so that
humans can understand the reasoning, goals, and limitations of Al
Then, a proper interface can be designed to present the AI's output in a
way that is intuitive and actionable for operators to facilitate bi-
directional communications. Having shared mental models and
human-AI interfaces, the risk of misconception and miscommunication
between humans and Al can be prevented. The third tenet focuses on
operator-directed execution. It indicates that while a collaborative na-
ture between humans and Al remains, there should be only one of them
to make the final decision. In certain decisions, humans may have
different views from Al, leading to unresolved decisions. Hence, a key
research question yet to be resolved is: How do operators perceive and
respond to Al recommendations during conflicts between AI and human
judgment? Future research may consider exploring the mechanisms that
can resolve these kinds of conflicts to maximise the benefits of Al in
hybrid intelligence so that human-AI can be teamed to yield optimal task
performance.

To apply hybrid intelligence, an iterative process between human
and Al shall be initiated, regardless of the application domain. For
instance, in accident analysis and prediction, Al, particularly LLM, can
first propose some ideas for human SME’s consideration but not directly
adopted. Then, human SMEs shall provide their comment based on their
experience and knowledge, followed by AI revising their responses or
decisions. An iterative refining process between human investigators
and Als shall form human-AlI teams to accomplish the required task. The
same approach can be transferred to future advanced human perfor-
mance assessments with LLM. Hybrid intelligence can also be applied in
operational safety system design. Taking ATC conflict resolution as an
example, human controllers may find it hard to manage substantial in-
formation simultaneously. The Al-based conflict resolution can trans-
form the presentation of information and provide necessary advisories
to humans for prioritising the potential conflicts. Both intelligences are
leveraged to complement each other in providing recommendations
with humans remain the final decision. Eventually, this results in a
human-in-the-loop AI so that humans are informed and involved for
every recommendation/action, with the capability of Al leveraged to
enhance the complex decision processes.

5.4. Dataset synchronisation, representativeness, and privacy

5.4.1. Challenges on dataset synchronisation

Many Al applications in aviation operational safety rely on real-time
or near-real-time predictions for critical tasks, such as assessing human
operators’ performance (e.g., SA, cognitive workload) or predicting
flight performance outcomes (e.g., hard landings, system anomalies).
While these Al models often demonstrate high accuracy in offline set-
tings, a significant challenge arises in translating these offline models
into real-time operational systems. This issue stems from the inadequate
consideration of data synchronisation and processing delays, which are
critical for achieving the intended real-/near-time actions/feedback.
Indeed, real-time AI systems in aviation require synchronised inputs
from multiple data streams. For instance, EEG data are time-series in
nature, but some studies are adopting the frequency domain (spectral)
data as features for the classification model. To achieve so, multiple
intermediate processes such as data epoching, noise removal, and Fast
Fourier Transform (FFT), etc, are required but time-consuming. Never-
theless, several neuroergonomic-Al studies in aviation safety did not
consider how the computationally expensive data processing work can
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be done dynamically in near-time to achieve the desired research out-
comes. Some of these processes even heavily rely on human expertise,
which prevents the system from operating autonomously in real-time.
Meanwhile, the harmonisation of multiple data streams for data input
requires the synchronisation between data arriving at different data
rates. Similarly, in LLM studies, the scalability is also a critical challenge
as LLMs are usually computationally expensive, which the difficulty of
integrating these advanced models in real-time applications is a signif-
icant challenge. While these challenges can be accepted for research
purposes, they hardly meet the operational requirements of real-time
systems where streaming of real-time data is necessary.

5.4.2. Solution: Advanced data processing techniques and computational
power

To overcome the challenges of offline prediction and data synchro-
nisation of Al in aviation safety, future research should focus on devel-
oping innovative approaches to data processing and synchronisation.
First, the data processing techniques can be enhanced by developing
accurate yet lightweight algorithms for noise removal, artifact rejection,
and feature extraction. Indeed, in EEG signal processing, automated
artifact rejection algorithms for EEG signals were developed so that a
data processing pipeline can be formed. However, the accuracy of such
algorithms is questionable and often requires SME’s manual review,
which hinders the applications, yet is critical in supporting real-time
applications of many neuroergonomic Al models in aviation safety and
human factors. Hence, research may focus on constructing advanced
data processing techniques with high accuracy to minimise the need for
human intervention to support the implementation of application-level
Al models for aviation safety. Furthermore, the initiatives on edge
computing can be considered for integration with such lightweight al-
gorithms or models for real-time applications and LLM deployment. The
use of edge computing reduces the central resources required, which
facilitates predictions in real-time.

Second, future research may also focus on developing online models
with real-time validation. Rather than developing only classification/
regression models to identify different states of operators/aircraft,
future models may consider a wider perspective to design unified
frameworks that consider the data flow (including data pre-processing
and synchronisation) and the model’s utilisation. The fusion of multi-
ple data streams can also be done with advanced pre-processing tech-
nologies. Thus, this strategy facilitates these Al systems to be validated
in real-world case studies, or at least in an online laboratory setting,
which ensures the Al models developed have implications and impact on
aviation safety. With the above, future Al systems can overcome the
limitations of offline prediction and data synchronisation. These ad-
vancements shall enhance the operational readiness of Al systems for
timely actions to enhance aviation safety.

5.4.3. Challenges on dataset representativeness and privacy

The limited diversity of datasets used to develop and validate Al
models also poses a significant and recurring challenge. Due to opera-
tional limitation, many investigations rely heavily on data collected on
flight simulators instead of real-world flights. In human performance
assessment studies, the sample size of participants is also limited due to
the challenges in recruiting qualified participants (e.g., active flying
pilots), which is usually small-scale, i.e., between 10-30 participants. In
addition, operators might be concerned about the data privacy in
physiological monitoring. For instance, pilots might doubt if their data
would be used for other purposes that affects their promotion and
career. On the accident analysis side, the majority of the studies adopted
NTSB reports due to the ease of access and comprehensiveness. The QAR
data used are often confidential, which limits the reproducibility of the
model and narrows the scope of the dataset. The lack of comprehensive
and heterogeneous datasets may impede the ability to robustly assess
model performance across different geographical regions and varied
operational environments. In addition, the small dataset size might
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cause models to be prone to overfitting.

5.4.4. Solution: Model training and testing with diversified datasets with
informed consent

The current challenges of a limited diversity in datasets, particularly
in physiological monitoring, arise from the mistrust of the purpose in
data collection. While this challenge may not be prevalent in pure
research studies, it becomes significant at the application level, i.e.,
when the users of the models are the employers of operators. To tackle
this challenge, it is essential to establish a commonly agreed data usage
policy across the industry, with informed consent obtained from oper-
ators. Operators who are being monitored shall clearly understand that
their data is only used for enhancing flight safety without storing for
post-evaluation purposes. In other words, only real-time applications
can utilise the data for prediction, where the companies do not have
access to such data afterwards. With this approach, operators can avoid
data being used in an unauthorised way. It facilitates diversified data
collection and promotes the models at the application level.

On the accident analysis and operational safety side, making datasets
accessible by the public and more systematic by relevant civil aviation/
accident investigation authorities can also promote the use of non-NTSB
datasets to diversify the regional effects in the model. Indeed, most se-
vere accident reports can be accessed online. However, these reports are
usually scattered and rare thanks to the current high-level of flight
safety. More diversified and systematic datasets, such as the Case
Analysis and Reporting Online (CAROL) system by the NTSB, can be
established by other authorities to provide more options for future
studies in model training and benchmarking. The adoption of diverse
datasets, if carefully selected, further enhances the class balance and
strengthens the model quality. Together with the cross-validation
methods like k-fold, AI models can be more robust and reliable.

5.5. Future works suggested in the studies reviewed

Apart from our thematic analysis on potential underlying challenges
and future research directions, we also examined the future work sug-
gested in the reviewed studies. Many studies suggested that there is a
need to expand the dataset in terms of size and data sources (n = 40)
and to collect real-world data for validation and implementation (n =
23). Indeed, many neuroergonomic studies are limited in the laboratory
setting due to challenges in real-time data synchronisation. While most
models achieved a high accuracy, these studies often have a small
sample size, given the challenges in recruitment. For studies involving
flight data, the challenge is similar as it is also difficult to sync QAR or
flight data recorder (FDR) data to the model in real-time. These chal-
lenges hindered the models from being applied and creating impacts in
real-world setting. Meanwhile, it aligns with the challenges in dataset
representativeness and our recommendation of developing advanced
techniques for real-time data synchronisation proposed in Section 5.4.
Algorithmic enhancement is another key area of improvement
mentioned in most studies (n = 35). While algorithmic enhancement
focuses on enhancing the accuracy, most studies did not discuss how
algorithms can be enhanced. Furthermore, some studies focused on
certain flight phases (e.g., cruising phase) or application scenarios (e.g.,
limited types of accidents), which limited the scope of application of the
Al model. Hence, these studies (n = 23) suggested expanding their scope
in the future and generalising their findings to other application sce-
narios. In addition, numerous studies also highlighted the importance of
explainability/interpretability and understanding of causal relation-
ships and intermediate processes (n = 20). These studies advocated the
integration of or advancement in explainable Al in future work so that
operators, who are not experts in Al can better understand the decision
process behind it. It aligns with our findings on the challenge of trust-
worthiness on AI models and the need for advanced explainable Al
technologies in Section 5.1. Other future works can be enhanced data
quality control, better feature/parameter selection approaches,
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lightweight design, and validation by SMEs.

6. Comparison between human literature review and LLM-based
literature review

6.1. Comparison of key insights identified between humans and LLM

Given LLM’s excellence in reasoning and textual analysis, we lever-
aged human-AI collaboration in literature review to identify some in-
sights to address the research questions of this review and achieve the
optimal outcome. Therefore, LLM was prompted to identify the themes
and insights regarding the research questions provided after our manual
analysis. Models including GPT-5 and Deepseek-R1 are compared with
human intelligence given their excellence in reasoning ability. In the
prompt, we first set the context by telling LLM that “The attachment is a
list of Al-related papers in aviation safety” and supply the publication
list to LLM, including the publication titles, abstracts, and years. Then,
we asked the LLM to provide insights on the research questions based on
the list provided. The research questions were also included in the
prompt. The prompt is included in the Appendix for reproducibility. This
process was conducted after manual analysis so that the researcher
would not be affected by the information provided by the LLM. Table 3
shows the mapping between themes and categories identified by
humans, GPT-5, and Deepseek-R1. Similar themes are grouped into the
same row for ease of reference.

6.2. Themes identified by LLM only

From Table 3, LLM revealed five themes that we did not include in
our analysis, including “Explainability, trust, and assurance (GPT-5)/
Explainable AI (Deepseek-R1)” in RQ2, “Validation and generalisation
(GPT-5)/Generalisation and robustness (Deepseek-R1)” in RQ3, as well
as “LLMs with aviation-grounded reasoning (GPT-5)/LLM specialisation
and domain adaptation (Deepseek-R1)” and “Multimodal fusion at scale
(GPT-5)/Multimodal and cross-modal learning (Deepseek-R1)” in RQ4.

Both LLM includes Explainable AI for RQ2 since it thinks that
“Explainable models are increasingly used to improve trust and trans-
parency”, such as the use of SHAP [42] and interpretability cues [177].
However, we decided not to include “Explainable AI” as a theme in RQ2,
as RQ2 focused on the algorithms and models used to learn from the
training data. Explainable Al, particularly SHAP, should be viewed as a
solution to accompany those algorithms and models to address the
transparency challenge, which we included in RQ3 and RQ4. Hence, we
decided not to follow LLM’s suggestion in this case.

Both GPT-5 and Deepseek-R1 also highlighted a critical issue on the
“generalisation and robustness” if data from only selected samples were
trained. Therefore, a further suggestion towards future research could be
incorporating diversified data during training/fine-tuning to enhance
the capability of Al. Regarding domain-specific LLM, both GPT-5 and
Deepseek-R1 believes that by creating a tailor-made LLM for aviation
safety tasks, the domain understanding and performance can be
enhanced. However, this suggestion is generic in nature and aligns with
the existing LLM work in aviation safety described in Sections 3 and
4.1. Meanwhile, for integrating multimodal data and real-time deploy-
ment, many existing studies were already applying multiple data
streams from physiological, behavioural, and operational data to
generate more robust results. However, the key problem is how these
multiple streams of data can be synchronised for real-time applications.
Hence, both themes are the directions that shall be continued in future
research instead of a novel idea for future research.

6.3. Themes identified by humans only
It is noteworthy that GPT-5 and Deepseek-R1 neglected the impor-

tance of human-Al interaction as a challenge, while GPT-5 did not
identify the collaborative intelligent agents (e.g., virtual copilots) as an
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Table 3

Comparison and mapping between human and LLM-based literature review.

No.

Themes identified by
human (researchers)

Themes identified by
GPT-5

Themes identified
by Deepseek-R1

RQ1. What are the current application domains of Al for aviation safety in research
and practice?

1

(a) Accident analysis
(b) Accident prediction

(a) Hazard identification
and safety concept
extraction

(b) Anomaly detection
and pilot operational risk
identification

(a) Landing safety

(b) Development of Al
assistants for operators

Integration of Al and
neuroergonomics

Intelligent agents for
collaborative operations

Integrated KG and Al
approach for accident
analysis

Incident summarisation
and multi-label
classification

(a) Causal factor
extraction and coding
from accident/incident
narratives

(b) Anomaly and outlier
detection

(a) Flight data analytics
for hard/long landing
prediction, unstable
approach detection, and
braking safety

(b) Real-time precursors
and safety risk warning
(c) Speech and
communications for
ATM/ATC

(d) Conflict detection and
ATM support

Human performance,
workload, and vigilance

/

Knowledge graphs and
explainability

Incident and
accident analysis

Anomaly and risk
detection

(a) Predictive
safety modelling
(b) Air traffic
management and
control

Human Factors
and Crew
Monitoring
Procedural
assistance and
training

/

RQ2. What Al algorithms and models are adopted in research and practice to enhance
aviation safety?

7

10

11

Machine learning models

Deep learning
architectures

Hybrid models
LLM

/

Classical ML

(a) Deep CNNs, sequence
models, and anomaly
detection

(b) Graph learning and
deep reinforcement
learning

Hybrid attention models
and CNN-LSTM

LLM and multilingual
models

Explainability, trust, and
assurance

(a) Traditional ML
models

(b) Unsupervised
and semi-
supervised
learning

(a) Deep learning
architectures

(b) Reinforcement
Learning

LLM

Explainable Al

RQ3. What challenges remain to promote wider applications of Al in aviation safety?

12

13

14
15

(a) Trustworthiness of Al
models

(b) Regulatory
compliance

Dataset synchronisation,
representativeness, and
privacy

Human-Al interaction
/

(a) Trust, transparency,
and integration

(b) Explainability,
accountability, and
certification

(c) Ethical and legal
issues

(d) Safety, security,
reliability

(a) Real-time and edge
constraints

(b) Data access, quality,
and representativeness

/
Validation and
generalisation

(a) Interpretability
and trust

(b) Regulatory and
certification
hurdles

(c) Ethical and
human factor
concerns

(a) Real-time
performance and
integration

(b) Data quality
and availability
(¢) Multimodal
data fusion

/

Generalisation and
robustness

RQ4. How can future research strengthen aviation safety with enhanced AI?

15

Table 3 (continued)
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No.  Themes identified by Themes identified by Themes identified
human (researchers) GPT-5 by Deepseek-R1
16 (a) Advancement in (a) Advance trustworthy, (a) Causal and
explainable Al certifiable Al explainable AT
(b) Development of (b) Ethics, privacy, (b) Robust and
frameworks and criteria governance, standards, certifiable Al
for Al certification and safety cases
17 Model training and (a) Build shared, high- (a) Real-time
testing with diversified integrity datasets and adaptive systems
datasets with informed benchmarks (b) Federated and
consent (b) Prospective trials and  privacy-preserving
real-time deployment learning
studies (¢) Simulation and
digital twins
18 Hybrid intelligence Human-centred Al and Human-Al teaming
design for human-Al operational integration
teaming
19 / LLMs with aviation- LLM specialisation
grounded reasoning and domain
adaptation
20 / Multimodal fusion at Multimodal and

cross-modal
learning

scale

independent theme in RQ1. This phenomenon demonstrated that LLMs’
reasoning ability remains limited to the information available to them
without additional fine-tuning on their CoT. Indeed, the deficiency of
lacking research on enhancing human-AlI collaboration and teaming was
not explicitly mentioned in the literature. It was identified based on a
higher level of reasoning and inference during the literature review
process. Hence, this outcome also suggested that LLM shall be ‘educated’
to gain a higher level of inference ability.

7. Conclusion

With their strong reasoning capability and efficiency, Al and LLM
have been leveraged to enhance aviation safety in various ways, such as
human performance monitoring, flight performance prediction, acci-
dent analysis, etc. Nevertheless, there remain many challenges for Al
systems to be widely adopted in such high-stakes domains like aviation.
In this study, we conducted a systematic survey to identify the core
applications, models, strengths, and weaknesses in Al research for
aviation safety. We discussed several research recommendations on
enhancing Al and LLM for aviation safety. The contributions of this
paper can be summarised as follows:

(1) Provided a holistic review of publications on Al and LLM in

(2

—

aviation safety: Through a review of 175 studies between
2012-2025, this paper provided an overview of how Al has been
utilised to enhance aviation safety from a variety of perspectives,
including operator performance monitoring, accident analysis
and prediction, landing safety assessment, Al assistant develop-
ment, etc. It facilitates aviation safety researchers and practi-
tioners to understand the latest advancements and models
adopted. For researchers, a thorough understanding of the state-
of-the-art can facilitate novel idea to cope with the research needs
in this field. For practitioners, the review provides them with an
overview of the advancements of Al in aviation safety. They can
consider incorporating the advancements reviewed in real-world
operations and provide suggestions to researchers to refine their
design.

Identified the challenges and future perspectives of Al and LLM in
aviation safety: While Al and LLM have been applied in aviation
safety in different ways, there remain several barriers that hinder
their application. Our review examines and identifies three key
challenges that shall be addressed for promoting wider applica-
tions of Al and LLM in safety—critical domains. It summarised the
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key problems yet to be resolved. Furthermore, we pinpointed the
challenges to suggest several possible future research directions
that can enhance aviation safety through advanced Al and LLM
models. These perspectives cope with the identified challenges
and facilitate a wider discussion and idea exchange between re-
searchers and practitioners on enhancing aviation safety.
Incorporated LLM’s reasoning ability to cross-validate the themes
identified: With LLM’s superiority in textual analysis and
reasoning, we further leverage GPT-5 and Deepseek-R1 to com-
plement our efforts to identify the potential themes that may be
overlooked by human researchers. However, it is also noteworthy
that LLM also have their limitations and may overlook some
themes identified by humans as well. Therefore, the proposed
approach further illustrates how humans can collaborate with Al
to enhance the quality of the literature review. This literature
review approach can be generalised in other fields: Future liter-
ature reviews can adopt this approach to cross-validate the re-
view outcomes while enhancing the efficiency of the literature
review.

3

From the systematic survey, it can be concluded that Al and LLM are
promising tools that can demonstrate a great impact in revolutionising
aviation to data-driven approaches with intelligent human performance
monitoring, Al-driven assistants on operations and accident analysis,
efficient hazard identification, and ultimately achieving human-AI
teaming. Nevertheless, the key challenges of Al trustworthiness and
offline nature have to be tackled before Al and LLM can be safely applied
in safety—critical domains like aviation. Therefore, this systematic re-
view serves as a foundation to support future research and imple-
mentation of Al for enhancing aviation safety in a more intelligent and
efficient manner without compromising the importance of the human-AI
collaborative relationship.
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Appendix. Prompt used to derive themes in LLM-based literature
review

The attachment is a list of Al-related papers in aviation safety. Based
on the information provided, can you please tell me about some insights
on:

RQ1. What are the current application domains of Al for aviation
safety in research and practice?

RQ2. What Al algorithms and models are adopted in research and
practice to enhance aviation safety?

RQ3-1. What challenges remain to promote wider applications of Al
in aviation safety?

RQ3-2. How can future research strengthen aviation safety with
enhanced AI?
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