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Abstract: This study investigates the application of advanced deep learning models for the
classification of aviation safety incidents, focusing on four models: Simple Recurrent Neural Network
(sRNN), Gated Recurrent Unit (GRU), Bidirectional Long Short-Term Memory (BLSTM), and
DistilBERT. The models were evaluated based on key performance metrics, including accuracy,
precision, recall, and F1-score. DistilBERT achieved perfect performance with an accuracy of 1.00
across all metrics, while BLSTM demonstrated the highest performance among the deep learning
models, with an accuracy of 0.9896, followed by GRU (0.9893) and sRNN (0.9887). Class-wise
evaluations revealed that DistilBERT excelled across all injury categories, with BLSTM
outperforming the other deep learning models, particularly in detecting fatal injuries, achieving a
precision of 0.8684 and an Fl-score of 0.7952. The study also addressed the challenges of class
imbalance by applying class weighting, although the use of more sophisticated techniques, such as
focal loss, is recommended for future work. This research highlights the potential of transformer-
based models for aviation safety classification and provides a foundation for future research to
improve model interpretability and generalizability across diverse datasets. These findings
contribute to the growing body of research on applying deep learning techniques to aviation safety
and underscore opportunities for further exploration in NLP-driven risk assessment and incident
classification.

Keywords: natural language processing; aviation safety; distilled BERT; sSRNN

1. Introduction

Aviation safety is an area of significant concern due to the catastrophic consequences that
accidents and incidents can have on human life, the environment, and the economy [1,2]. The
repercussions of aviation accidents are severe, leading to fatalities, substantial financial losses, and
long-term environmental damage [3]. Understanding the severity of safety occurrences is necessary
for enhancing safety protocols, improving aircraft design, and informing regulatory frameworks [4].
Traditionally, aviation safety reports contain both structured and unstructured data. Structured data
captures quantitative aspects such as aircraft type, location, and phase of flight, while unstructured
data, particularly textual narratives, provides qualitative insights into the context and causes of
incidents [5]. However, extracting meaningful information from these unstructured descriptions
remains a significant challenge, necessitating the development of automated methods for improving
safety analysis, decision-making, and preventive actions [6].

A critical aspect of aviation safety lies in classifying injury levels sustained by individuals during
safety occurrences. These range from minor injuries to fatal consequences, which serve as key
indicators of incident severity [7]. Current classification methods primarily rely on manual or semi-
automated techniques, which are labor-intensive, time-consuming, and susceptible to inconsistencies
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due to subjective interpretation [8]. However, with the growing availability of large-scale aviation
safety datasets, there is a pressing need for more efficient, automated approaches to accurately infer
injury levels from textual incident reports [9]. This task is critical for timely safety assessments. It
could benefit significantly from the application of natural language processing (NLP) and deep
learning models, which offer scalable and consistent solutions for textual analysis [10,11].

The primary objective of this study is to explore how advanced NLP and deep learning
techniques can be employed to infer the injury levels sustained by individuals involved in aviation
safety occurrences based solely on the textual narratives contained in incident reports. This research
addresses the question: To what extent can the injury levels be inferred from the textual narratives
using state-of-the-art NLP techniques? Currently, the severity of incidents is often assessed manually,
with experts reviewing reports to classify injury levels, a process prone to inefficiency and
inconsistencies [12].

The motivation for this study arises from the challenges associated with analyzing the vast
amounts of unstructured data generated by the aviation industry. NLP, particularly when combined
with deep learning architectures such as Simple Recurrent Neural Network (sRNN), Gated Recurrent
Unit (GRU), Bidirectional Long Short-Term Memory (BLSTM), offers a promising solution for
automating the extraction of valuable information from these reports [13]. These deep learning
models excel in learning from sequential data, enabling them to capture the intricate relationships
between text and the severity of incidents, such as the injury levels sustained by individuals.
Consequently, this study aims to demonstrate the feasibility and effectiveness of these advanced
models in classifying injury levels based on incident narratives. The unique challenge of inferring
injury levels from textual narratives lies in the complexity and variability of language used in aviation
safety reports. These documents frequently contain technical jargon, abbreviations, and context-
dependent information, making traditional analysis methods inadequate [13].

The contributions of this research are twofold. 1) It demonstrates how deep learning models,
such as DistilBERT, sSRNN, BLSTM, and GRU, can be effectively employed to classify injury levels in
aviation safety narratives. 2) It provides a scalable and automated solution to the problem of injury
classification, which has traditionally relied on manual or semi-automated methods. By applying
advanced NLP and deep learning techniques, this research seeks to enhance the efficiency and
accuracy of aviation safety analyses [14].

The remainder of the paper is structured as follows: Section 2 reviews the existing literature on
NLP and deep learning in aviation safety, Section 3 details the dataset, preprocessing steps, and
model architecture employed, Section 4 outlines the experimental results, Section 5 discusses the
results and key findings, and Section 6 presents conclusions and outlines directions for future
research. Beyond academia, the findings of this research offer practical implications for accident
prevention, regulatory compliance, and the development of more effective safety measures in the
aviation industry.

2. Related Work

NLP and ML techniques in aviation safety have garnered increasing attention in recent years,
primarily to enhance safety analysis, decision-making, and risk management. Bloedorn [15] was a
pioneer in applying ML to aviation safety reports, identifying patterns and predicting accident
outcomes by extracting useful information from unstructured textual data. Their work underscored
the importance of leveraging NLP techniques for improving risk management. However, most
studies have focused on broad classification tasks such as incident categorization based on general
types or severity levels, rather than the specific challenge of predicting human injury levels (e.g.,
minor, serious, or fatal injuries). This gap represents a key opportunity for advancing aviation safety
research.

Nanyonga et al. [16], applied deep learning techniques to classify flight phases in safety
occurrences. While their research demonstrated the feasibility of NLP techniques for safety data, it
did not address the specific task of predicting injury levels, a key component of incident severity and
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subsequent safety actions. Similarly, Zhang et al. [13] demonstrated the effectiveness of LSTM-based
models for incident classification, highlighting deep learning's capability to manage complex aviation
safety narratives, which often contain technical language and contextual nuances. However, the task
of predicting injury levels based on these narratives remains underexplored.

Several recent studies have applied advanced deep learning methods, including RNNs, LSTMs,
and GRUs, to aviation safety reports, achieving strong performance in incident classification and
trend analysis [17-19]. These models excel in sequential text data analysis, extracting meaningful
patterns from complex reports. Despite the promising results, few studies have tackled the specific
task of injury level classification, a key element in understanding incident severity and guiding safety
measures.

The potential of DistilBERT and other transformer-based models has also been explored in
various domains. DistilBERT, an efficient version of BERT, has been applied to tasks like sentiment
analysis and text classification [20], but its application to injury level prediction in aviation safety is
still in its infancy. This presents an exciting opportunity for further research into its potential in
aviation safety analysis.

Ahmad et al. [21] applied deep learning models to predict risk levels in transportation incidents
using textual data, showcasing methodologies that share similarities with the task of injury level
classification. This work, although not aviation-specific, demonstrates the promise of deep learning
in classifying risk levels in safety-critical domains. The use of LSTMs and GRUs in sectors like
healthcare and manufacturing has been shown to improve prediction accuracy in analyzing complex,
sequential data [22,23].

A common challenge in applying NLP to aviation safety reports is the complexity of the text,
which often involves technical terminology, abbreviations, and implicit contextual information.
Traditional machine learning methods struggle with these complexities, but deep learning models,
especially those that capture long-range dependencies in sequential data, have demonstrated
superior performance [24]. Nanyonga et al. [25] used topic modeling to extract meaningful insights
from aviation safety narratives, further emphasizing the utility of NLP in aviation. However, the
specific task of classifying injury levels in Australia remains largely unaddressed.

While significant progress has been made in applying deep learning and NLP to aviation safety
data, the task of predicting injury levels from textual descriptions remains an underexplored area.
Studies have highlighted the promise of deep learning models like RNNs, LSTMs, GRUs, and
DistilBERT in improving incident classification and safety analysis. This research aims to fill the gap
by investigating how advanced NLP techniques can be applied to predict injury levels from aviation
safety reports, thus not only improving the accuracy and scalability of safety analyses but also
providing valuable insights for industry stakeholders and regulatory bodies to enhance risk
assessment and prevention strategies.

3. Materials and Methods

The study is designed to assess the efficacy of deep learning models in predicting injury levels
from unstructured textual narratives in aviation safety reports. To accomplish this, a comprehensive
approach is employed, involving data collection, preprocessing, model selection, and performance
evaluation as shown in Figure 1. The models considered in this study include traditional RNNs,
LSTM networks, GRU, and DistilBERT. The implementation process, including performance
evaluation, followed a systematic procedure to ensure robustness and reliability of the results.
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Figure 1. Methodological framework [26].

3.1. Data Collection

The dataset for this study is derived from the Australian Transport Safety Bureau (ATSB)
Authorities, consisting of over 50,000 aviation safety records. These records are provided in the form
of incident reports and narratives, which describe the circumstances, causes, and outcomes of
aviation safety occurrences. The dataset includes detailed textual descriptions of incidents, such as
the aircraft type, location, phase of flight, and, importantly, the level of injury sustained by the
individuals. Each safety occurrence is accompanied by a classification indicating the injury level,
ranging from minor to fatal.

3.2. Text Preprocessing

Text preprocessing is a fundamental step in preparing unstructured text data for machine
learning models. In this study, we leveraged the Keras deep learning library, which provides a
comprehensive suite of deep learning models and layers needed for text analysis. The Tokenizer
module from Keras was employed to efficiently tokenize the input text and convert it into sequence
vectors. This preprocessing step is vital for transforming raw textual data into a format suitable for
machine learning algorithms.

To encode categorical data, such as the Injury Level labels (minor, serious, Nil, and fatal), we
utilized the to_categorical module from Keras. This module maps categorical entries to numerical
values using one-hot encoding, allowing the model to learn more efficiently by representing each
label as a binary vector.

In addition to tokenization and encoding, we addressed challenges related to special characters,
punctuation, and stop words using the Spacy library. Spacy is a powerful Python library tailored for
text-processing tasks, including named entity recognition, word tagging, and lemmatization. It
maintains an extensive list of stop words, punctuation marks, and special characters, with regular
updates ensuring its continued relevance in processing modern text data. The lemmatization process
helped reduce words to their base forms, aiding in enhancing the generalization capability of the
model.

Each input narrative underwent a comprehensive preprocessing pipeline to ensure that the text
was uniformly represented. Specifically, the processed text was transformed into sequences or
vectors with a fixed length of 2000 words [16]. Narratives with fewer than 2000 words were padded
with zeros, while longer narratives were truncated to maintain uniformity. This consistent input
length ensures that the neural network can process the data efficiently. The vocabulary size for the
corpus was set to 100,000, allowing for the inclusion of a diverse set of terms and enhancing the
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model's ability to handle a broad range of aviation-related terminology. The dataset was split into
training (80%) and testing (20%) sets to evaluate the model's performance [27]. This division ensures
that the model is trained on a substantial portion of the data while allowing for unbiased evaluation
on the held-out test set.

3.3. Text Classification

To ensure model robustness and mitigate overfitting during training, 10% of the training dataset
was reserved for model validation in each epoch. This approach enabled continuous evaluation of
the models, allowing for dynamic refinement and hyperparameter adjustment throughout the
training process. The validation set acted as a reliable benchmark, ensuring that the models were not
overfitting to the training data.

In this study, four distinct deep learning architectures were utilized for text classification tasks:
GRU, BLSTM, sRNN, and DistilBERT. Each of these models offers unique advantages for processing
and classifying text. GRU and BLSTM, which are both variants of RNNs, excel at capturing sequential
dependencies and context in textual data, while SRNN provides a simpler, yet effective, architecture
for time-series and sequence modeling. DistilBERT, a transformer-based model, offers advanced
performance by leveraging pre-trained language representations and self-attention mechanisms,
which are particularly well-suited for handling long-range dependencies within text. To address class
imbalance in the dataset, class weights were applied across all models during training [28]. This
approach ensured that the models did not disproportionately favor majority classes, thereby
improving the classification of underrepresented injury categories.

Model optimization was performed using the Adam optimizer, selected for its efficiency in
gradient-based optimization and its ability to handle sparse gradients and adaptive learning rates.
This optimizer, known for its speed and low memory requirements, was applied uniformly across all
models. It is important to note that the focus of this study was not on optimizing the choice of the
best optimizer, but rather on assessing the effectiveness of the chosen models for the text classification
task [29]. Future research could explore alternative optimization techniques to further enhance model
performance.

3.4. Deep Learning Architecture

To ensure consistency and facilitate comparability across all models, a unified deep learning
architecture was employed as the baseline, with minor modifications made to accommodate the
specific requirements of each model. This standardized architecture comprised three fundamental
components: an embedding layer, multiple hidden layers, and an output layer.

The embedding layer was utilized to convert the input text sequences into dense vectors of fixed
dimensionality, enabling the model to capture both semantic and syntactic relationships inherent in
the textual data. After the embedding layer, the hidden layers incorporated the Rectified Linear Unit
(ReLU) activation function. ReLU was selected for its ability to introduce non-linearity, thereby
facilitating the model’s capacity to learn intricate patterns and complex dependencies within the data.
Additionally, ReLU mitigates issues associated with vanishing gradients, promoting efficient
training and faster convergence.

The output layer employed the SoftMax activation function, which is particularly well-suited for
multi-class classification tasks. This function produces a probability distribution over the possible
output classes, with the highest probability corresponding to the model's predicted class. The final
classification decision was made by applying the argmax function, which identifies the index
corresponding to the maximum probability within the SoftMax output, thereby selecting the most
probable class for each input sample.

This architecture provided a consistent framework across all models, ensuring reliable and
comparable performance metrics. The refined design allowed effective model evaluation, enabling a
systematic investigation into the efficacy of each approach. For a visual representation of the deep
learning architectures utilized in this study, please refer to Figure 2.
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Figure 2. Validation Accuracy of each model.

3.3.1. RNN

The first deep learning architecture considered is the standard RNN, which is a fundamental
type of RNN architecture that processes sequential data by feeding the output of the previous time
step as input to the current time step. Its architecture is relatively basic, consisting of a single hidden
layer that facilitates the flow of information from one step to the next [30]. Despite their advantages
in handling sequential data, standard RNNs suffer from limitations in capturing long-range
dependencies due to the vanishing gradient problem.

3.3.1. BLSTM

To overcome the shortcomings of the standard RNN, the BLSTM network is employed. LSTM,
a specialized form of RNN, is designed to mitigate the vanishing gradient problem and capture long-
range dependencies in sequential data [11]. BLSTM architecture extends the standard LSTM by
processing the input sequence in both forward and backward directions, which allows the model to
capture context from both the past and future [31]. This makes BLSTMs particularly effective in
understanding the full context of aviation safety narratives. By leveraging the BLSTM model, the
study aims to improve the accuracy of injury level classification by considering both previous and
future words in the text sequence.

3.3.1. GRU

Another architecture considered is the GRU, a variant of the LSTM that simplifies the model by
combining the forget and input gates into a single update gate. GRUs have fewer parameters than
LSTMs, making them computationally more efficient while retaining the ability to capture long-range
dependencies in the input data [32]. In this study, GRUs are tested alongside LSTMs to determine
their effectiveness in classifying injury levels from aviation safety narratives. While GRUs have
shown competitive performance in a variety of sequence modeling tasks, their ability to handle the
complexity of aviation safety narratives is assessed and compared to other architectures.

3.3.1. DistilBERT

As part of the exploration of cutting-edge NLP models, this study also incorporates DistilBERT,
a smaller, faster, and more efficient version of the original BERT model. BERT, or Bidirectional
Encoder Representations from Transformers, has set new benchmarks in a wide range of NLP tasks
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due to its transformer-based architecture, which captures context from both directions of a given text
sequence [33]. DistilBERT is a distilled version of BERT, meaning it retains most of the performance
of BERT but with fewer parameters and faster processing time [20]. DistilBERT is tested in this study
to assess its ability to classify Injury levels from aviation safety narratives, particularly considering
its efficiency and scalability in handling large datasets.

3.5. Model Implementation

The implementation of this study was carried out using Python (version 3.8.10), leveraging a
variety of machine learning and deep learning libraries for data preprocessing, model training,
evaluation, and visualization. Deep learning models, including BLSTM, were trained using
TensorFlow (version 2.10.0) and Keras (version 2.10.0), while the BERT model was fine-tuned
utilizing the Transformers library (version 4.48.0) from Hugging Face. Model evaluation was
conducted with Scikit-learn (version 1.6.1), which provided classification reports and accuracy
metrics. Data preprocessing and numerical computations were managed using Pandas (version 1.5.0)
and NumPy (version 1.23.4), ensuring smooth data handling throughout the process. Visualizations
of model performance were generated with Matplotlib (version 3.6.1) and Seaborn (version 0.12.0),
offering intuitive insights into the model's behavior. Hyperparameter optimization was carried out
using Optuna (version 4.2.1), enabling the fine-tuning of key model parameters for enhanced
performance. For transformer-based tasks, PyTorch (version 2.1.0) was employed. The experiments
were conducted within a Jupyter Notebook environment, hosted on a Linux server equipped with
256 CPU cores, 256 GB of RAM, and running Ubuntu (version 5.4.0-169-generic).

3.6. Model Performance Evaluation

In this study, model performance is evaluated in the context of multi-class classification. To
ensure a rigorous assessment of the models’ effectiveness, a set of well-established performance
metrics is employed. These metrics include accuracy, precision, recall, and Fl-score, which are
standard measures in classification tasks and provide a comprehensive evaluation of the models’
ability to classify incidents across multiple injury categories, such as minor, serious, and fatal.

Accuracy serves as a foundational metric, representing the proportion of correct predictions
(both true positives and true negatives) relative to the total number of predictions. Precision, which
focuses on the quality of positive predictions, is defined as the proportion of true positives among all
instances predicted as positive (i.e., true positives and false positives). Recall, or sensitivity, evaluates
the model’s ability to identify positive instances, measuring the proportion of true positives among
all actual positive instances (i.e., true positives and false negatives). The F1-score, which balances
precision and recall, is particularly useful in cases of class imbalance, as it prevents a model from
favoring the majority class. The F1-score is the harmonic means of precision and recall, offering a
more holistic view of model performance.

The performance of the models was evaluated using these metrics, with calculations based on
the following formulas as summarized in Table 1: accuracy is the ratio of correct predictions (true
positives and true negatives) to the total number of predictions; precision is the ratio of true positives
to the sum of true positives and false positives; recall is the ratio of true positives to the sum of true
positives and false negatives; and the Fl-score is the harmonic mean of precision and recall. These
metrics allow for a thorough analysis of each model's classification performance, not only in terms of
overall correctness but also in terms of the model's ability to correctly classify each injury level.
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Table 1. Performance Evaluation Metrics.

Metrics Evaluation focus Formula

Precision Correctly predicted positives in a positive TP

(p) class TP + FP

Recall (r) Fraction of positive patterns correctly TP
classified TP + TN

Fl-score (F) Weighted average score of precision and 2 * precision * recaal
recall precision + recall

Accuracy Total number of instances predicted TP + TN

(acc) correctly TP + FP + TN + FN

4. Results

This section presents a comprehensive evaluation of the models' performance in classifying
aviation safety incidents. The analysis is structured to first provide an overview of the models' overall
classification performance, followed by a class-wise assessment of their predictive capabilities. Key
performance metrics, including accuracy, precision, recall, and F1-score, are employed to assess the
reliability and effectiveness of each model. Additionally, validation accuracy and loss trends are
examined to evaluate model convergence and generalization.

4.1. Overall Model Performance

Table 2 presents a comparative evaluation of the four models: sSRNN, GRU, BLSTM, and
DistilBERT, based on key classification performance metrics, including accuracy, precision, recall,
and Fl-score. The results indicate that DistilBERT outperforms all other models, achieving perfect
scores (1.00) across all metrics, thereby demonstrating its exceptional capability in accurately
classifying aviation safety incidents.

Among the deep learning models, BLSTM exhibited the highest classification accuracy at 0.9896,
followed closely by GRU (0.9893) and sRNN (0.9887). The minimal variations in performance
between these models suggest that all architectures provide robust classification capabilities, though
BLSTM demonstrates slightly better generalization. These findings underscore the effectiveness of
deep learning models in handling sequential data, with BLSTM benefiting from its bidirectional
processing ability, allowing it to capture contextual dependencies more effectively.

Table 2. Overall Model performance.

Model Accuracy Precision Recall F1-Score
sRNN 0.9887 0.9886 0.9887 0.9885
GRU 0.9893 0.9891 0.9893 0.9891
BLSTM 0.9896 0.9893 0.9896 0.9894
DistilBERT 1.00 1.00 1.00 1.00

4.2. Class-Wise Performance Evaluation

A more detailed evaluation of model performance across individual injury severity categories
(Nil, Minor, Fatal, Serious) is provided in Table 3. DistilBERT again demonstrates flawless
classification, achieving perfect precision, recall, and F1-score for all injury levels. This result confirms
its superior ability to capture nuanced patterns in aviation safety incident narratives.

Among the deep learning models, BLSTM consistently outperformed GRU and sRNN,
particularly in detecting the Fatal and Serious injury categories. The GRU model exhibited the highest
precision in classifying Fatal injuries (0.9167), exceeding that of SRNN (0.9062). However, in terms of
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recall for Minor injuries, BLSTM achieved the highest score (0.7178), signifying its ability to correctly
identify more instances of this category despite its inherent complexity.

The results further highlight challenges associated with classifying less frequent categories, such
as Fatal and Serious injuries. While precision scores remain relatively high across all models, the
recall values for these categories indicate room for improvement, suggesting a need for further
optimization, such as class-balancing techniques or advanced feature engineering, to mitigate
potential biases in model learning.

Table 3. Class-wise Model Performance.

Model Metric Nil Minor Fatal Serious
Precision 0.9944 0.7548 0.8684 0.7917
BLSTM Recall 0.9959 0.7178 0.7333 0.7917
F1-Score 0.9951 0.7358 0.7952 0.7917
Precision 0.9942 0.7273 0.9062 0.7222
sRNN Recall 0.9958 0.6871 0.6444 0.8125
F1-Score 0.9950 0.7066 0.7532 0.7647
Precision 0.9942 0.7197 0.9167 0.8478
GRU Recall 0.9959 0.6933 0.7333 0.8125
F1-Score 0.9951 0.7063 0.8148 0.8298
Precision 1.00 1.00 1.00 1.00
DistilBERT Recall 1.00 1.00 1.00 1.00
F1-Score 1.00 1.00 1.00 1.00

4.3. Model Validation Performance

To further validate the robustness of the models, Figures 2 and 3 illustrate the validation
accuracy and loss trends across training epochs. DistilBERT achieved a perfect accuracy of 100%
during epochs 2 through 5, with epoch 3 being the most optimal, as the model maintained peak
performance during this epoch. However, after epoch 5, a decline in accuracy was observed,
continuing through to epoch 10, suggesting that overfitting may have occurred beyond this point. In
contrast, the deep learning models exhibited gradual improvements in accuracy over successive
epochs. BLSTM emerged as the highest-performing model among them, maintaining a steady
increase in accuracy and showing superior generalization capability compared to the other models.
This highlights the varying training dynamics and performance characteristics of transformer-based
models like DistilBERT in comparison to more traditional deep learning architectures.

As seen in Figure 3, DistilBERT demonstrates a sharp reduction in validation loss early in
training, reaching near-zero values. This result indicates its ability to effectively capture linguistic
structures with minimal overfitting. Among deep learning models, BLSTM exhibits the lowest
validation loss, signifying its superior convergence and improved stability compared to GRU and
sRNN. These findings reinforce BLSTM's suitability for handling aviation safety data, as it maintains
high accuracy while effectively minimizing classification errors.
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4.4. Comparative Analysis of Model Performance

To further assess the classification capabilities of the deep learning models, Figure 4 presents the
confusion matrices for BLSTM, the highest-performing deep learning model. This matrix provides an
in-depth examination of the model’s classification tendencies across injury categories.

The results reveal that BLSTM performs exceptionally well in classifying Nil and Minor injury
categories, with minimal misclassifications. However, some degree of misclassification is observed
for Fatal and Serious injuries. This discrepancy can likely be attributed to class imbalances within the
dataset, where instances of Fatal and Serious injuries are relatively underrepresented. Despite these
challenges, BLSTM maintains a high level of predictive accuracy, suggesting that further refinement,
such as data augmentation or weighted loss functions, could enhance its classification performance
in underrepresented categories.
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Figure 4. Confusion Matrix for BLSTM.

4. Ablation

To better understand the contributions of various modeling approaches, we conducted an
ablation study evaluating the impact of different deep learning architectures and techniques on
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classification performance. One key aspect examined was the effect of class weighting, which was
applied across all models to mitigate the impact of class imbalance. While class weighting improved
recall for underrepresented classes, particularly for the Fatal and Serious injury categories, some
degree of misclassification persisted, suggesting that more sophisticated imbalance-handling
techniques, such as focal loss [34] or data augmentation methods [35] could further enhance model
robustness.

Additionally, the study compared traditional recurrent models sSRNN, GRU and BLSTM, against
DistilBERT, a transformer-based model. The results demonstrated that while deep learning
architectures like BLSTM exhibited strong classification performance, they remained susceptible to
minor variations in minority class predictions. DistilBERT, on the other hand, achieved perfect
classification accuracy, likely due to its ability to capture contextual dependencies more effectively
through self-attention mechanisms [36].

We further examined the impact of pretraining on model performance. The superior results of
DistilBERT highlight the importance of leveraging pretrained language models for aviation safety
text classification, as they provide a richer semantic understanding of domain-specific narratives [37].
In contrast, recurrent models trained from scratch required significantly more computational effort
to reach near-optimal performance. These findings align with previous studies emphasizing the
advantages of transformer-based architectures in natural language processing tasks [38].

4.1. Discussion

The findings of this study demonstrate the efficacy of advanced deep learning models for
aviation safety text classification. The results indicate that DistilBERT significantly outperforms
traditional recurrent architectures, achieving perfect classification across all injury severity
categories. This aligns with prior research highlighting the advantages of transformer-based models
in text classification tasks [39,40]. The ability of DistilBERT to maintain high precision, recall, and F1-
score suggests that self-attention mechanisms effectively capture long-range dependencies in textual
descriptions of aviation incidents, reducing ambiguity in classification.

Among the recurrent models, BLSTM demonstrated the highest accuracy, outperforming sSRNN
and GRU, particularly in classifying Fatal and Serious injury levels. The bidirectional structure of
BLSTM allowed for more effective feature extraction, capturing both past and future contextual
information. This is consistent with previous studies where BLSTM has been shown to outperform
unidirectional recurrent models in sequential text processing [11,41]. However, despite the improved
performance, BLSTM and other deep learning models exhibited slight inconsistencies in minority
class classification, emphasizing the challenges posed by imbalanced datasets in aviation safety
analysis.

Model validation performance further reinforced these findings. The validation loss and
accuracy curves revealed that DistilBERT achieved rapid convergence, indicating its strong
generalization ability, while deep learning models such as BLSTM struggled to stabilize. This
suggests that while deep learning models effectively capture sequential patterns, they may struggle
with distinguishing rare but critical cases, warranting further investigation into specialized
imbalance-handling strategies.

4.2. Limitations

As shown in the ablation study, DistilBERT achieved perfect accuracy; the generalizability of
such transformer-based models in real-world applications needs to be validated on external datasets.
Given that aviation safety reports vary across regions and regulatory bodies, future work should
investigate cross-domain generalization.

Another limitation concerns computational efficiency. While DistilBERT exhibited superior
performance, its deployment in real-time aviation safety monitoring systems requires careful
consideration of computational costs. Transformer-based models are known to be resource-intensive,
and their real-world application may necessitate optimization techniques such as model distillation
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or pruning [20]. Further research is needed to explore efficient implementations of these models for
large-scale aviation safety monitoring.

Lastly, the study relied on textual data from the ATSB dataset, which, while comprehensive,
may not capture the full spectrum of aviation safety incidents globally. Future research should
incorporate multi-source datasets, including reports from different aviation authorities, to develop
more universally applicable models. Additionally, explainability methods should be explored to
enhance trust and interpretability in Al-driven aviation safety classification systems [42].

5. Conclusion and Future Work

The results of this study demonstrate the effectiveness of advanced deep learning architectures
in aviation safety text classification. The comparison of traditional recurrent neural networks and
transformer-based models highlights the superior performance of DistilBERT, which achieved
perfect classification accuracy across all injury severity categories. The bidirectional structure of
BLSTM also exhibited strong performance, outperforming simpler recurrent models such as SRNN
and GRU. These findings confirm the benefits of self-attention mechanisms and pretrained language
models in handling textual data from aviation safety reports.

Despite these advancements, the study has several limitations. While class weighting was
implemented to mitigate class imbalance, more sophisticated techniques such as focal loss or
synthetic oversampling could further enhance model robustness. Additionally, the high
computational demands of transformer-based models present challenges for real-time applications,
necessitating further research into model optimization techniques. Moreover, the dataset used in this
study, derived from the ATSB database, may not generalize across different regulatory bodies or
international contexts. Future studies should explore multi-source datasets and domain adaptation
techniques to improve generalizability.

Moving forward, future work should focus on enhancing the explainability of Al-driven
aviation safety models. The implementation of interpretable machine learning methods, such as
SHAP (Shapley Additive Explanations) or LIME (Local Interpretable Model-Agnostic Explanations),
could improve stakeholder trust and facilitate regulatory acceptance. Additionally, integrating
multimodal data, such as sensor readings, flight parameters, and environmental conditions, could
further refine predictive capabilities. Expanding the application of transformer-based architectures
to broader aviation safety tasks, including risk assessment and predictive maintenance, presents an
exciting avenue for future research.
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The following abbreviations are used in this manuscript:

BLSTM Bidirectional Long Short-Term Memory
DistilBERT Distilled Bidirectional Encoder Representations from Transformers
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FP False Positive

FN False Negative

GRU Gated Recurrent Unit

LSTM Long Short-Term Memory
ML Machine Learning

NLP Natural Language Processing
ReLU Rectified Linear Unit

sRNN Simple Recurrent Neural Network
P True Positive

TN True Negative
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