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Abstract

Quick Access Recorder (QAR) data provide high-dimensional onboard flight records that
are increasingly used for data-driven aviation safety analysis. As flight operations be-
come more complex, conventional manual monitoring and threshold-based exceedance
detection are often insufficient for identifying evolving risks in a timely and interpretable
manner. This paper reviews QAR data-driven methods for flight anomaly detection and
risk warning from the perspective of statistical learning and aviation data science. First,
the main characteristics of QAR data are summarized, including multi-source heterogene-
ity, temporal dependence, missing values, noise, and severe class imbalance. Common
preprocessing techniques, such as missing-value imputation, trajectory correction, feature
engineering, downsampling, and imbalanced-data handling, are then reviewed. Second,
existing methods are organized into four groups: statistical monitoring and rule-based
methods, clustering and unsupervised anomaly detection, Bayesian and probabilistic risk
reasoning, and hybrid machine learning with explainable Al. Representative approaches
include statistical process control, association rules, Gaussian mixture models, CurveClus-
ter, Fast-DTW, Bayesian networks, dynamic Bayesian networks, VAE-LSTM, MAD-XFP,
and XGBoost with SHAP interpretation. The review further discusses typical applications
in landing risk warning, takeoff risk assessment, flight operation pattern recognition, and
aviation noise prediction. Finally, key challenges are summarized, including model in-
terpretability, real-time deployment, cross-aircraft and cross-airport generalization, data
quality, causal reasoning, and privacy-preserving collaboration. This review provides
a structured reference for using QAR data to support aviation safety assessment, risk
warning, and operational decision-making.

Keywords: QAR data; aviation safety; anomaly detection; risk warning; statistical learning;
machine learning; aviation data science; explainable Al

1. Introduction

With the rapid growth of global air transportation and the increasing complexity
of flight operations, aviation safety has become a critical challenge for operators, regula-
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tors, and researchers. Higher flight density, limited airspace resources, complex weather
conditions, and increasingly data-rich aircraft systems all require more proactive safety
management approaches. Traditional safety management methods that rely mainly on
post-event investigation, manual monitoring, and fixed exceedance thresholds are often
insufficient for detecting evolving risks in real time. As a result, data-driven methods
based on flight operational data have become increasingly important for aviation safety
assessment and decision support.

In this context, Quick Access Recorder (QAR) data, as a critical airborne recording
device on modern civil aircraft, is playing an increasingly important role. The QAR system
can record hundreds or even thousands of parameters at high frequency during flight, in-
cluding flight attitude, engine performance, crew operations, and environmental conditions,
forming typical high-dimensional time-series big data. These data exhibit distinct statistical
characteristics: multi-source heterogeneity (significant differences in physical meaning,
dimensions, and sampling frequencies across subsystems), strong temporal dependence
(parameters evolve dynamically with flight phases and show significant non-stationarity),
missing values and noise (caused by sensor failures or transmission interference), severe
class imbalance (normal flight data overwhelmingly dominate, while abnormal events are
extremely sparse), and high-dimensional sparse anomalies (complex abnormal patterns
that are difficult to label in advance). For example, in the approach and landing phase,
the proportion of abnormal samples is often about 22%, with a highly uneven distribution
across anomaly types Dang et al. [1]. Note that overall flight-wide anomaly rates are much
lower (<1-2%), highlighting the severe class imbalance. These characteristics provide rich
information for data-driven safety assessment but also pose severe challenges to traditional
statistical methods and machine learning models.

The application of QAR data has gradually expanded from early simple exceedance
monitoring to flight operations quality assurance (FOQA), fault diagnosis, risk warning,
operational optimization, and even airport noise management. Zhang et al. [2] system-
atically reviewed domestic and international research progress on QAR data, pointing
out that QAR data has become an important foundation for global airlines’ flight quality
monitoring, engine condition detection, aircraft system fault diagnosis, and 3D route design.
China is currently the only country in the world that implements full QAR monitoring on
all commercial transport fleets, with relevant systems processing over 16,000 flights and
150 GB of data daily, significantly improving safety supervision efficiency. Turgut et al. [3],
in their 25-year thematic review, further examined the development of QAR data analysis
from the three dimensions of safety, efficiency, and health management, emphasizing that
data-driven methods are shifting from passive response to active prevention and from
single-parameter monitoring to multi-source fusion intelligent assessment. Additionally,
Yang et al. [4] provided a comprehensive review of flight safety state assessment methods
based on time-series big data, further highlighting the role of QAR in dynamic risk evalu-
ation. He [5] further summarized the application and research progress of QAR data in
civil aviation.

Although existing studies have made significant progress, several deficiencies remain:
first, traditional threshold monitoring methods struggle to capture complex nonlinear
temporal patterns and multi-parameter interactions; second, most machine learning meth-
ods have weak interpretability and cannot meet the strict requirements of aviation safety
regulators for model transparency and causal analysis; third, research on dynamic risk
quantification for high-risk phases such as landing and takeoff is relatively fragmented and
lacks a systematic statistical learning framework; fourth, model generalization capability
across different aircraft types and airports is insufficient, posing challenges for practical
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engineering deployment. These issues limit the broader use of QAR data for data-driven
aviation safety assessment and operational decision support.

This review treats QAR data as a representative type of onboard aviation operational
data. By organizing existing studies on QAR-based anomaly detection, risk warning,
probabilistic reasoning, and interpretable machine learning, the paper connects flight safety
research with the broader theme of applying data science to aviation. The goal is not only
to summarize individual algorithms, but also to clarify how QAR data can be transformed
into safety indicators, warning signals, and decision-support information for operational
aviation environments.

This review addresses key gaps by providing (1) a transparent systematic methodology,
(2) critical comparisons of methods with performance metrics, (3) clear distinctions between
QAR, FOQA, FDM, and FDR, and (4) a concrete QAR-specific research roadmap, thereby
offering both synthesis and original scholarly contribution.

2. Review Methodology

This systematic review follows the PRISMA guidelines to ensure transparency and
reproducibility. We searched Web of Science, Scopus, IEEE Xplore, CNKI, and Google
Scholar from 2014 to 2026 using the keywords: (“QAR data” OR “Quick Access Recorder”)
AND (“anomaly detection” OR “risk warning” OR “flight safety” OR “statistical learning”
OR “machine learning”).

Inclusion criteria: Peer-reviewed articles focusing on QAR data for flight anomaly
detection or risk warning with statistical or machine learning methods and empirical results.
Exclusion criteria: Studies using only non-QAR data, purely descriptive papers without
methodological contribution, or pre-2014 works.

The initial search yielded 187 records. After removing duplicates and title/abstract
screening, approximately 112 records remained for further evaluation, of which 68 full texts
were assessed for eligibility. This resulted in 42 included studies. Snowballing and inclusion
of recent publications led to the synthesis of approximately 35 key studies, of which 26 are
directly cited in the reference list. A discrepancy between the number of studies assessed
(35) and those directly cited (26) arises because some retrieved articles only marginally
referenced QAR data or lacked sufficient methodological depth for detailed synthesis, and
were therefore used for background support rather than core citation. Data extraction
focused on methodologies, datasets, performance metrics, limitations, and applications.
This structured approach significantly improves transparency and comprehensiveness
compared to previous non-systematic reviews.

To clarify the relationships among key flight data concepts frequently mentioned in
the literature, a comparative summary is provided in Table 1 and the overall screening
process of the systematic review is illustrated in Figure 1.

Table 1. Comparison of Key Flight Data Concepts.

Concept Full Name Purpose Data Accessibility = Protection Level Primary Use
QAR Quick Access Recorder Oper.atlo.nal High (easy Low FOQA, fmomaly‘cletectlon,

monitoring download) risk warning

FOQA thk}t Operations Proactive safety High Low Routine ﬂ}ghF quality

Quality Assurance program monitoring
FDM thht D.ata Overall monitoring Medium-High Low-Medium Safety trend analysis
Monitoring process
FDR Flight Data Recorder . Acc1.clen.t Low (protected) ngh. (crash Post-accident analysis
investigation survivable)
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Identification

Eligibility

Records identified through database searching
(n=187)

Y

Records screened by title/abstract
(n=112)

Y

Full-text articles assessed for eligibility

(n=68)
Excluded after full-text review (n = 26)
Marginally related to QAR, no empirical results,
Y insufficient methodological contribution, etc.

Studies included in qualitative synthesis
(n=42)

A 4

Synthesis of approximately 35 key studies

(n=235)

Excluded from core citation (n = 9)

Some articles only marginally referenced QAR data or
lacked sufficient methodological depth for detailed
synthesis, and were therefore used for background
support rather than core citation.

Y

Core citations in reference list
(n=26)

Figure 1. PRISMA flow diagram of the systematic review process.

3. Characteristics of QAR Data and Statistical Preprocessing

QAR (Quick Access Recorder) data serves as the core data source for flight safety
assessment in modern civil aviation aircraft. QAR data typically records 200-1000+ param-
eters at sampling frequencies of 1-8 Hz, including flight dynamics (pitch, roll, airspeed,
vertical acceleration), engine parameters (N1, EGT, fuel flow), control inputs, and envi-
ronmental conditions. A typical flight generates 50-500 MB of raw data. Compared with
traditional black box data, QAR features higher sampling frequencies and larger data
volumes, enabling real-time recording of hundreds or even thousands of flight parameters
and providing a solid foundation for data-driven risk assessment. However, QAR data also
exhibits significant statistical complexity, posing high requirements for preprocessing tech-
niques. This section reviews the main statistical characteristics of QAR data and commonly
used preprocessing methods.

3.1. Statistical Characteristics of QAR Data

QAR data is essentially typical high-dimensional, multi-source time-series big data
with the following main statistical characteristics:

First, it has multi-source heterogeneity. QAR data originates from multiple aircraft
subsystems, including flight control systems, engine monitoring systems, environmental
control systems, and crew operation records. Parameters differ significantly in physical
meaning, dimensions, and sampling frequencies. For example, attitude parameters (such as
pitch angle PITCH and roll angle ROLL) have relatively high sampling frequencies, while
some engine parameters (such as fuel flow FF) have lower frequencies. This heterogeneity
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makes data fusion difficult and requires complex alignment and standardization processes
Dang et al. [1]; Zhang Heng [2].

Second, it has strong temporal dependence. Flight is a continuous dynamic evo-
lution process, and QAR data exhibits strong temporal correlation and non-stationarity.
Parameters at adjacent time points are highly correlated, and statistical distributions differ
significantly across flight phases (takeoff, cruise, approach, and landing). This strong
temporal characteristic limits the applicability of traditional statistical methods based on
the independent and identically distributed (i.i.d.) assumption, making functional data
analysis (FDA) and recurrent neural networks more advantageous for temporal modeling
Rong et al. [6]; Li et al. [7].

Third, it has missing values and noise issues. Due to sensor failures, transmission
interference, or decoding errors, missing values and noise are common in QAR data. Some
parameters may be completely missing during specific flight phases, and noise can signifi-
cantly affect trajectory calculation and risk quantification accuracy. For example, during the
landing phase, trajectory data often exhibits local deviations due to GPS signal interference
or sensor drift, requiring specialized correction methods Li et al. [7]; Tang et al. [8].

Fourth, it has severe class imbalance. In massive QAR datasets, normal flight data
overwhelmingly dominate, while abnormal or high-risk events (such as hard landing
and runway overrun) are extremely sparse. Dang et al. [1] showed that the proportion
of abnormal samples in the approach phase is only about 22%, with a highly uneven
distribution across anomaly types (e.g., ILS glideslope deviation accounting for up to 42%).
This imbalance easily causes models to bias toward the majority class, severely affecting
anomaly detection performance Dang et al. [1]; Wang Lei et al. [9].

These statistical characteristics determine that QAR data preprocessing is a funda-
mental step for subsequent modeling and analysis, directly affecting model accuracy
and reliability.

3.2. Statistical Preprocessing Methods

To address the characteristics of QAR data in Section 3.1, researchers have developed
various statistical preprocessing techniques, primarily including missing value imputation,
downsampling, trajectory correction, feature engineering, and imbalanced data handling.

3.2.1. Missing Value Imputation

Missing value imputation is the first step in QAR data cleaning. Common methods
include mean/median imputation, K-nearest neighbors (KNN) interpolation, multiple
imputation, and expectation-maximization (EM) algorithms based on time series. Dang
et al. [1] adopted a nearest-neighbor approach in the MAD-XFP framework to supplement
missing values while effectively maintaining temporal continuity. For long-period missing
segments, phased imputation strategies combining flight phase information can be used.

3.2.2. Downsampling and Smoothing

The original sampling rate of QAR data is high (some parameters reach 8 Hz or
higher), and direct processing would incur enormous computational costs. Common
methods include uniform downsampling, sliding window averaging, and exponentially
weighted moving average (EWMA). Rong et al. [6] applied 1 Hz downsampling in their
VAE-LSTM model, which preserved key temporal information while significantly reducing
computational complexity. Smoothing can effectively suppress noise and improve the
stability of subsequent clustering and modeling.
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3.2.3. Trajectory Correction

Trajectory data is a critical input for landing and runway risk assessment, but QAR
trajectories often contain noise and deviations. Li et al. [7] proposed a projection combined
with ground speed correction method: first projecting the trajectory onto the runway
centerline and then calibrating adjacent trajectory points using post-touchdown ground
speed information. This effectively eliminates lateral offsets and distance fluctuations.
The method significantly improved positioning accuracy relative to the runway in real
A320 QAR datasets, laying a foundation for dynamic risk curve construction (Li et al. [7];
Tang et al. [8].

3.2.4. Feature Engineering

Feature engineering is key to improving model performance. Common operations
include parameter derivation (e.g., calculating crosswind /headwind components), statisti-
cal feature extraction (mean, variance, kurtosis, trend slope), temporal window features,
and domain-knowledge-driven composite indicators (e.g., 50 ft kinetic energy, remaining
runway length). Dang et al. [1] significantly improved XGBoost performance in multi-type
anomaly detection through systematic feature engineering. For functional data characteris-
tics, functional principal component analysis (FPCA) can also be used for dimensionality
reduction Li X et al. [10].

3.2.5. Imbalanced Data Handling

To address the sparsity of abnormal samples, oversampling techniques such as SMOTE
and its variants are commonly used. Dang et al. [1] adopted Borderline SMOTE, synthe-
sizing only borderline minority class samples and effectively alleviating class imbalance
while avoiding excessive generalization. Other methods include undersampling, class
weight adjustment in ensemble learning, and generating synthetic abnormal samples using
generative adversarial networks (GAN).

Through the preprocessing pipeline in Section 3.1, the quality and usability of QAR
data are significantly improved, providing reliable inputs for subsequent statistical model-
ing and risk assessment. It should be noted that the selection of preprocessing methods
should be optimized according to specific application scenarios and data characteristics,
and combinations of different methods often yield better results.

To better illustrate these key characteristics and corresponding preprocessing tech-
niques, we summarize them in Table 2.

Table 2. Summary of QAR Data Characteristics and Preprocessing.

Characteristic Examples Common Preprocessing
Multi-source Heterogeneity Different frequencies & units Alignment; Normalization
Temporal Dependence Phase-dependent non-stationarity =~ Downsampling; Functional Data Analysis
Missing /Noise Sensor failure; GPS drift KNN Imputation; Trajectory Correction
Class Imbalance <2% anomalies overall Borderline-SMOTE; Weighted Learning

4. Core Methods for Flight Anomaly Detection

To provide an overview of the analytical pipeline before delving into specific methods,
Figure 2 illustrates the conceptual framework of the QAR-based risk warning system. This
framework outlines the end-to-end process from raw data to actionable insights, highlight-
ing the central role of various statistical and machine learning approaches discussed in
this section.

The diagram shows the sequential data flow from raw QAR records through prepro-
cessing and core analytical methods to risk quantification and decision support outputs.
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Raw QAR Data

Y

Data Preprocessing
(imputation, downsampling,
trajectory correction, feature

engineering)

— Statistical Monitoring & Rule-based

Y — Clustering & Unsupervised Anomaly Detection

Method Layer €

— Bayesian & Probabilistic Reasoning

— Hybrid ML with Explainable Al

Y

Risk Quantification & Anomaly
Scoring

Y

Risk Warning & Decision Support
(alerts, pilot recommendations,
FOQA reporting, operational
optimization)

Figure 2. Conceptual framework of the QAR-based risk warning system.

4.1. Statistical Monitoring and Rule-Based Methods

Traditional statistical methods play a fundamental and irreplaceable role in QAR data-
driven flight safety assessment. These methods are centered on probability theory, statistical
inference, and causal modeling. They offer strong interpretability, uncertainty quantifi-
cation capabilities, and regulatory compliance, making them particularly suitable for the
strict requirements of aviation safety regarding model transparency and decision reliability.

In the early stages of QAR data application, researchers widely adopted Statistical
Process Control (SPC) techniques to monitor key flight parameters in real time. By construct-
ing Shewhart control charts, Cumulative Sum (CUSUM) control charts, or Exponentially
Weighted Moving Average (EWMA) control charts, researchers can effectively identify
abnormal situations where parameters deviate from normal ranges. For example, when
monitoring landing vertical load or descent rate, the Shewhart control chart sets upper and
lower control limits based on the mean and standard deviation; parameters exceeding these
limits immediately trigger alerts. This method is computationally simple and intuitive, and
was widely used in early Flight Operations Quality Assurance (FOQA) systems, providing
a reliable tool for quickly detecting obvious exceedance events. However, traditional SPC
assumes that the data are independent and identically distributed (i.i.d.), which conflicts
with the strong temporal dependence and multi-parameter interactions inherent in QAR
data, resulting in limited sensitivity to slow drifts or complex pattern changes.

To overcome this limitation, change-point detection methods were introduced into
QAR data analysis. These methods can identify moments when statistical characteristics
change during flight, thereby more accurately capturing the starting points of abnormal
events. Gao Yang and Wang Xiangzhang [11] proposed the SPA-Markov method, which
combines Set Pair Analysis with Markov chains to construct a framework for flight safety
situation assessment and prediction. This method first converts key QAR parameters into
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identity—discrepancy—contrariety (IDC) measures and then uses a Markov transition proba-
bility matrix to achieve dynamic prediction of safety situations. In practical applications,
this method can handle uncertainty and dynamic evolution in QAR data and has been
applied to real-time flight safety situation assessment.

Among statistical and probabilistic methods, Bayesian networks are widely used for
causal modeling and risk probability reasoning. They represent conditional dependencies
between variables through directed acyclic graphs (DAGs) and use Bayes’ theorem to com-
bine prior knowledge with data likelihood for posterior probability updating, making them
particularly suitable for complex scenarios involving multi-factor interactions in aviation
safety. Barry [12] constructed a runway veer-off risk assessment model based on QAR flight
data using Bayesian networks. The model systematically incorporates factors such as run-
way length, wind speed and direction, crew operations, aircraft performance, and airport
environment, quantifying their interactive effects through conditional probability tables. It
not only provides the probability distribution of risk occurrence but also offers clear causal
paths, providing interpretable support for regulatory decision-making and procedure op-
timization. Similarly, Chen Fang et al. [13] used dynamic Bayesian networks (DBN) to
assess safety risks of civil aviation airborne shutdown events. By introducing temporal
dependency arcs, they achieved dynamic updating of risk probabilities as flight phases
and operations change, and validated the model’s effectiveness on real QAR datasets. The
prominent advantages of Bayesian methods lie in their ability to effectively incorporate
domain experts’ prior knowledge, quantify uncertainty, and support causal reasoning.
However, network structure construction often heavily relies on expert experience, and
exact inference faces computational bottlenecks in large-scale high-dimensional QAR data,
prompting researchers to continuously explore improvements in approximate inference
and structure learning algorithms.

Association rule mining is another important tool in traditional statistical methods for
discovering hidden multi-parameter relationships in QAR data. Wang Lei et al. [14] applied
association rules to analyze QAR landing exceedance events, successfully mining strong
association patterns such as “excessive touchdown distance combined with high touch-
down speed leading to insufficient autobrake deceleration.” They quantified rule strength
using support, confidence, and lift metrics, providing a solid data-driven foundation for
constructing risk warning rule bases. Compared with machine learning black-box models,
the “If-Then” form of association rules offers extremely high interpretability, making it
easy for pilots and safety managers to understand and apply, and playing an important
role in actual FOQA rule optimization. However, this method is sensitive to parameter
discretization and has difficulty directly handling the dynamic characteristics of continuous
time-series data, usually requiring combination with other temporal analysis methods to
achieve maximum effectiveness.

Overall, the main advantages of traditional statistical methods are their strong
interpretability—model outputs such as probability values, control limits, and association
rules are intuitive and convenient for regulatory compliance and human decision-making.
They also possess strong uncertainty quantification capabilities, with Bayesian frameworks
providing posterior distributions and confidence intervals to support scientific risk deci-
sions; additionally, they have high computational efficiency and are suitable for real-time
or near-real-time monitoring scenarios, playing a key role in early QAR data applications.
However, these methods also have obvious limitations: their ability to capture complex non-
linear relationships and high-dimensional temporal features is relatively insufficient; they
have high requirements for data quality and their performance easily degrades when noise,
missing values, or complex parameter interactions are severe; and they have difficulty au-
tomatically handling multi-type composite abnormal events, often requiring considerable
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manual intervention and domain knowledge support Wang Lei et al. [14]; Barry, 2021 [12];
Chen Fang et al. [13]. These limitations have also provided important impetus for the
emergence and development of subsequent clustering, unsupervised anomaly detection,
and hybrid learning methods.

Despite the aforementioned limitations, traditional statistical methods still lay a solid
statistical foundation for QAR data safety assessment and serve as important cornerstones
for various advanced methods. In practical applications, researchers usually adopt a hybrid
strategy of “statistical methods providing the framework and probability foundation + ma-
chine learning enhancing feature extraction and prediction accuracy” to fully leverage the
advantages of each Dang et al. [1]; Li et al. [7]. This hybrid approach not only improves
overall model performance but also provides methodological support for constructing
interpretable and trustworthy flight safety state assessment systems. Through system-
atic review of traditional statistical methods, we can better understand the technological
evolution of QAR data analysis and lay the foundation for discussions of clustering, un-
supervised detection, Bayesian probabilistic reasoning, and hybrid emerging methods in
subsequent chapters.

As shown in Table 3, traditional statistical methods demonstrate significant advantages
in interpretability and causal analysis. Their outputs, such as probability distributions,
control limits, and association rules, are intuitive and transparent, which aligns well with
the stringent requirements of aviation regulatory authorities for model explainability
and decision traceability. However, these methods have relatively limited capability in
capturing complex high-dimensional nonlinear temporal features and multi-parameter
interactions inherent in QAR data. This limitation provides important complementary
space for subsequent unsupervised clustering and hybrid learning methods, which can
effectively discover hidden patterns and enhance predictive power while building upon the
solid probabilistic and causal foundation established by traditional statistical approaches.
For example, traditional Statistical Process Control (SPC) methods, widely used in early
FOQA systems, offer high interpretability and low computational complexity for single-
parameter exceedance monitoring. However, they have limited capability in capturing
complex temporal interactions and multi-parameter relationships. Association rule mining
Wang Lei et al. [14] provides intuitive “If-Then” rules with strong support, confidence, and
lift metrics for landing exceedance analysis, but requires discretization and struggles with
continuous time-series data. Bayesian networks Barry, 2021 [12]; Chen Fang et al. [13] excel
in causal reasoning and uncertainty quantification, yet structure learning in large-scale
QAR data remains challenging and often relies heavily on expert knowledge.

Table 3. Comparison of Traditional Statistical Methods in QAR Data Applications.

Main

Method Representative Core Application Applicable Interpretability Computat.l onal Advantages Limitations
Type Works Technology S . Data Type Complexity
cenarios
Difficult to
Statistical Early FOQA  Shewhart/CU- Parameter Single- . Slmpl.e capture
Process exceedance parameter High Low calculation, complex
Systems SUM/EWMA L. . R ..
Control monitoring time series intuitive temporal
interactions
Change Gao Yan, si?il;ign alz/:rlrlltel;er Strong High compu-
Point & SPA-Markov param Medium Medium handling of tational
. etal. [11] assessment & situation : .
Detection . - uncertainty complexity
prediction indicators
Bayesian Runway Multi-factor Clear causal Sl;i::rllg}
Network Barry [12] Static BN veer-off risk ca'usal Ijela_ High Medium relationships relies on
tionships
experts
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Table 3. Cont.

Main

Method  Representative Core Application Applicable Interpretability Computat.l onal Advantages Limitations
Type Technology Scenarios Data Type Complexity
Dynamic Airborne Supports Bottleneck in
Bayesian DBN shutdown Tem})oral High High dynarl'l{c large-scale
Network dynamic risk multi-factor probability network
reasoning computation
Landin Requires dis-
Association A priori/FP- exceedangce Discretized Intuitive and ~ cretization,
Rules g rowth factor multi- High Low interpretable  difficult for
mining parameter rules continuous

time series

Note: Interpretability and Computational Complexity (High/Medium/Low) are author-judged based on presence
of explainable outputs (e.g., SHAP and causal graphs), reported computation times, and suitability for aviation
regulatory use.

4.2. Clustering and Unsupervised Anomaly Detection

Clustering and unsupervised anomaly detection methods constitute the core technical
pathway for addressing “abnormal sparsity” and “unknown pattern discovery” problems
in QAR data analysis. Unlike supervised methods, these approaches do not require large
numbers of labeled samples. Instead, they automatically mine low-probability clusters or
outliers from massive normal flight data to achieve anomaly detection, operation mode
identification, and early risk warning. In the field of aviation safety, where real abnormal
events occur at extremely low frequencies, unsupervised methods have natural applicability.
This section systematically reviews representative methods such as Gaussian Mixture
Models (GMM), curve clustering, Dynamic Time Warping (DTW) and its variants, and
VAE, and analyzes their application effects in QAR data.

In terms of Gaussian mixture models and classical clustering methods, the Gaussian
mixture model is one of the classic benchmark methods in QAR anomaly detection. Li
Lishuai et al. [15] proposed the ClusterAD framework, which models flight operation data
as a mixture of multiple Gaussian distributions. Parameters are estimated through the
Expectation-Maximization (EM) algorithm, and the posterior probability of each sample
belonging to each cluster is calculated to identify abnormal points deviating from normal
operation modes. This method achieved good results in flight safety monitoring and has
become a comparison benchmark for many subsequent studies. The advantage of GMM
lies in its ability to handle multi-modal distributions, provide soft clustering, and generate
probabilistic outputs that facilitate subsequent risk quantification. However, it is sensitive
to initial parameters; it easily encounters the curse of dimensionality in high-dimensional
QAR data; and its assumption that data follow a Gaussian distribution may not fully match
the actual non-Gaussian characteristics of flight parameters.

In terms of curve clustering and functional data analysis methods, many key pa-
rameters in QAR data (such as vertical acceleration, pitch angle, and roll angle) exhibit
obvious curve shapes during the landing phase. Traditional point-based clustering meth-
ods struggle to capture their overall dynamic characteristics. Curve clustering methods
based on functional data analysis (FDA) ideas have therefore developed rapidly. Li X
et al. [10] proposed the CurveCluster+ algorithm, a representative work in this direction.
The method treats multi-parameter curves during landing as functional data; it first applies
functional principal component analysis (FPCA) for dimensionality reduction and then
uses functional depth and hierarchical clustering to identify different hard landing modes.
Unlike traditional threshold methods that only focus on vertical load at a single moment,
CurveCluster+ can quantify morphological differences across the entire landing curve,
automatically generate representative curve centers, and evaluate the risk level of each
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cluster. Experiments on real QAR datasets verified the method’s advantages in pattern
recognition accuracy and interpretability, providing intuitive statistical tools for pilot train-
ing and risk warning Li X et al. [10]. This type of method reflects an important extension of
statistical learning from “point data” to “functional data” and has unique value in handling
the strong temporal and continuous dynamic characteristics of QAR data.

For DTW-based temporal trajectory clustering, flight trajectories are the most rep-
resentative multivariate temporal features in QAR data. Traditional Euclidean distance
has difficulty handling trajectories of varying lengths and local deformations, making
Dynamic Time Warping and its accelerated versions the mainstream solution. In their noise
prediction study using QAR data from Changsha Huanghua International Airport terminal
area, Tang et al. [8] adopted Fast-DTW combined with hierarchical clustering for trajectory
modeling: first performing coarse classification of corridor entrances based on heading
angle, and then using normalized Fast-DTW to measure 3D trajectory similarity and gen-
erate multiple representative trajectories along with their occurrence probabilities. For
missing operational parameters (such as thrust) in clustered trajectories, machine learning
models were further constructed for completion, ultimately achieving high-fidelity noise
prediction. This study fully demonstrated the statistical value of probabilistic distribution
modeling and temporal similarity measures in QAR data processing Tang et al. [8]. Zheng
Lei et al. [16] also performed clustering on multivariate QAR time-series data based on
DTW distance, identifying flight operation modes at different risk levels and revealing
their associations with safety events through statistical analysis. Fast-DTW significantly
reduces computational complexity while maintaining high accuracy, making it suitable for
large-scale QAR trajectory datasets.

With the development of deep learning, reconstruction-based unsupervised anomaly
detection methods have been widely applied in the QAR field. Rong Chuitian et al. [6]
proposed a VAE-LSTM model combined with the multi-head self-attention mechanism.
The model first uses a variational autoencoder (VAE) to learn low-dimensional probabilistic
representations of normal flight data, then employs LSTM to capture long-term temporal
dependencies, and finally uses reconstruction error as the anomaly score. This method
performs well on real QAR datasets for various abnormal events and is particularly suit-
able for capturing local mutations and global trend deviations. Dang et al. [1] combined
unsupervised ideas with supervised learning in the MAD-XFP framework, further improv-
ing joint detection capability for multi-type anomalies through clustering-assisted feature
selection and abnormal sample generation.

The main advantages of clustering and unsupervised anomaly detection methods
include their unsupervised nature: they do not require large amounts of labeling and are
suitable for the reality of sparse anomalies in QAR data; strong pattern discovery capability:
they can automatically identify unknown abnormal patterns and typical operation clusters,
providing insightful discoveries for domain experts; and strong flexibility: they are easily
combined with trajectory correction Li et al. [7], feature engineering, and probabilistic
modeling Tang et al. [8] to form a complete analysis pipeline. However, these methods
also have obvious limitations: their interpretability is relatively weak and usually requires
subsequent statistical analysis or tools such as SHAP for supplementation; they are sensitive
to noise and outliers, easily producing false clusters or being affected by initial conditions;
and cluster number determination and threshold setting have certain subjectivity, with
generalization capability across different aircraft types and airports needing improvement
Li Lishuai et al. [15]; Zheng Lei et al. [16]. Current improvement directions for these
problems include combining functional data analysis to enhance curve clustering accuracy
Li X et al. [10], introducing probabilistic trajectory modeling to enhance robustness Tang
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et al. [8], and integrating interpretable Al techniques (such as attention mechanisms) to
improve model transparency Rong et al. [6].

Opverall, clustering and unsupervised methods serve as important bridges connecting
traditional statistical methods with deep hybrid learning. In actual FOQA systems, a
layered strategy of “unsupervised clustering for pattern discovery, statistical quantification
of risk, supervised fine classification” is usually adopted to achieve efficient, accurate, and
interpretable safety assessment Dang et al., 2025 [1]; Tang et al. [8].

As shown in Table 4, unsupervised methods offer distinctive advantages in pattern
discovery. By automatically identifying unknown operational patterns and low-probability
outliers from massive unlabeled QAR data, they are particularly well-suited to the reality
of extremely sparse abnormal events in aviation safety. Nevertheless, these methods gen-
erally have relatively weak interpretability and lack direct risk quantification capabilities.
Therefore, they must be effectively integrated with subsequent statistical quantification
techniques, such as Bayesian probabilistic reasoning or dynamic risk curves, to transform
discovered patterns into actionable risk warnings, thereby more effectively supporting
practical flight safety applications. Gaussian Mixture Models (GMM) Li Lishuai et al. [15]
provide probabilistic outputs and soft clustering suitable for flight operation anomaly
detection, but are sensitive to initial parameters and suffer from the curse of dimensionality
in high-dimensional QAR data. CurveCluster+ Li X et al. [10] demonstrates strong per-
formance in capturing landing curve morphology and offers superior interpretability for
hard landing pattern recognition compared to point-based threshold methods. DTW-based
trajectory clustering Tang et al. [8] effectively handles variable-length time-series data with
moderate computational complexity, while VAE-LSTM reconstruction approaches Rong
et al. [6] show excellent capability in modeling long-term temporal dependencies, although
they generally have higher computational demands and weaker interpretability.

Table 4. Comparison of Clustering and Unsupervised Anomaly Detection Methods.

Typical QAR

Representative . Main Main e s Computational
Method Works Core Algorithm Advantages Limitations Apphcafmn Interpretability Complexity
Scenarios
Sensitive to .
Gaussian Li Lishuai Probabilistic initial values, o Felgggn
Mixture GMM/ClusterAD output, soft ineffective in p Medium Medium
etal. [15] . . anomaly
Model clustering high d .
. . etection
dimensions
Captures curve . .
. High compu-  Hard landing
Curvg LiXetal CurveCluster+/FPCA morphology, tational pattern High High
Clustering [10] strong complexit recognition
interpretability pleaty &
DTW Tang et al Fast- Vari?lilr:jlll(fri th Rriglllig:’figr(:r- Terminal area
Trajectory 8 ’ DTW + Hierarchical . N8 pe / trajectory Medium Medium
. [8] . time-series sensitive to .
Clustering Clustering . : . clustering
trajectories noise
Strong
VAE- capability in Multi-
LSTM Rong et al. VAE-LSTM + Multi- capturing Weak inter- parameter Low Hich
Recon- [6] head Self-Attention long-term pretability anomaly &
struction temporal detection
dependencies

Note: Interpretability and Computational Complexity (High/Medium/Low) are author-judged based on presence
of explainable outputs (e.g., SHAP and causal graphs), reported computation times, and suitability for aviation
regulatory use.

4.3. Bayesian Methods and Probabilistic Reasoning

Bayesian methods take probability theory and Bayes’ theorem as their core, performing
posterior inference by combining prior knowledge with data likelihood. They possess
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natural advantages in handling uncertainty, causal relationships, and risk quantification. In
QAR data analysis, methods such as Bayesian networks (BN), dynamic Bayesian networks
(DBN), and Bayesian hierarchical models are widely used for risk probability reasoning,
causal analysis, and situation assessment. They represent an important extension of
traditional statistical methods toward complex system modeling.

Bayesian networks update the probability of each risk-related variable according to
its conditional dependence on parent variables. This structure allows prior knowledge,
observed QAR parameters, and expert-defined causal relationships to be combined in a
transparent probabilistic framework. For example, Barry [12] used conditional probability
tables to quantify multi-factor risks in runway veer-off risk assessment.

In terms of the application of static Bayesian networks in risk assessment, Bayesian
networks represent conditional dependencies between variables through directed acyclic
graphs (DAGs) and perform inference using joint probability distributions. Barry [12]
constructed a runway veer-off risk assessment model based on QAR data. The model
incorporates factors such as runway length, wind speed and direction, crew operations,
aircraft performance, and airport environment into the network structure, quantifying the
interactive effects of various factors through conditional probability tables. It ultimately
outputs the occurrence probability of runway veer-off and key risk paths. This study not
only provided quantitative risk probabilities but also identified major contributing fac-
tors through sensitivity analysis, offering interpretable decision support for airport safety
management and procedure optimization Barry [12]. Similarly, Chen Fang et al. [13] con-
structed a Bayesian network-based safety risk assessment model for civil aviation airborne
shutdown events. By integrating engine parameters, flight attitude, and environmental
data from QAR, they achieved multi-factor joint probability reasoning and validated the
model’s prediction accuracy on real datasets. This method performs well in estimating
probabilities of sparse events, compensating for the sample insufficiency limitation of
traditional frequency statistics.

Static Bayesian networks have difficulty capturing the strong temporal characteristics
of QAR data. Dynamic Bayesian networks address this limitation by extending the BN
structure across time slices, thereby achieving dynamic evolution modeling of risk. Chen
Fang et al. [13] further applied DBN to the dynamic risk assessment of airborne shut-
down events. By introducing temporal dependency arcs, they realized real-time updating
of risk probabilities as flight phases and operations change. This model demonstrates
significant advantages in handling the uncertainty and dynamic interactions of QAR time-
series data, providing a probabilistic foundation for early warning. Gao Yang and Wang
Xiangzhang [11] proposed the SPA-Markov method, which combines Set Pair Analysis
with Markov chains to construct a dynamic assessment and prediction framework for
flight safety situations. The method converts QAR parameters into identity—discrepancy—
contrariety measures and achieves situation evolution prediction through Markov transition
probabilities, achieving good results in practical applications Gao et al. [11].

To further improve model performance, researchers often integrate Bayesian methods
with other statistical techniques. Li et al. [7] incorporated Bayesian ideas to construct
risk curves in their runway overrun dynamic risk model, quantifying risk levels under
different autobrake settings through posterior probabilities. Wang Lei et al. [14] used the
results of association rule mining as structural priors for Bayesian networks, achieving data-
driven network learning and enhancing the model’s causal explanatory power. In addition,
Bayesian hierarchical models show potential in handling hierarchical heterogeneity across
multiple airports and aircraft types. They can simultaneously estimate global parameters
and local effects, providing a unified framework for cross-scenario risk assessment.
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The main advantages of Bayesian methods are reflected in their strong interpretability
and causal analysis capabilities. They can clearly display relationships between variables
through network structures and conditional probability tables, supporting “What-if” sce-
nario simulations Barry [12]. They also provide uncertainty quantification through posterior
distributions, confidence intervals, and risk probabilities, supporting decision risk analysis.
Their dynamic modeling capability makes DBN and other extensions suitable for the strong
temporal characteristics of QAR data Chen Fang et al. [13]. Bayesian methods can also
incorporate prior knowledge, effectively utilizing domain expert experience to alleviate the
sparse sample problem in QAR data.

However, this type of method also has limitations. The main ones are that Bayesian
network structure learning is difficult; in large-scale high-dimensional QAR data, network
structure search incurs huge computational costs and often requires expert intervention.
Computational complexity is relatively high, and exact inference faces bottlenecks in
complex networks, requiring approximate inference methods (such as variational inference
and MCMC). The methods are sensitive to data quality, and noise and missing values can
significantly affect the accuracy of probability estimation Gao et al. [11]; Dang et al. [1].
To address these issues, current research trends include combining Bayesian networks
with machine learning (such as Bayesian hyperparameter optimization and Bayesian deep
learning) and introducing interpretable Al techniques (such as SHAP) to enhance causal
inference capabilities Dang et al. [1].

In summary, Bayesian and probabilistic reasoning methods provide a solid statistical
foundation for QAR data-driven risk assessment and serve as a key bridge connecting
traditional statistical methods with modern hybrid learning models. In actual FOQA
applications, Bayesian methods are often combined with other techniques to form a com-
prehensive framework of “probabilistic reasoning + pattern recognition + interpretable
prediction,” providing scientific decision support for aviation safety management.

4.4. Hybrid and Emerging Statistical Learning Methods

With the rapid development of artificial intelligence technology, hybrid and emerging
statistical learning methods have become the mainstream trend in QAR data safety assess-
ment. These methods combine the interpretability of traditional statistics with the powerful
feature extraction capabilities of machine learning, forming a comprehensive framework of
“statistical modeling + deep learning + interpretable AL.” They can effectively handle the
high dimensionality, temporality, and class imbalance of QAR data. Representative works
such as VAE-LSTM, XGBoost-enhanced frameworks, CurveCluster+ extensions, and SHAP
interpretability techniques demonstrate particularly prominent advantages.

Rong Chuitian et al. [6] proposed a QAR anomaly detection model based on VAE-
LSTM combined with a multi-head self-attention mechanism. The method first uses a
variational autoencoder (VAE) to learn low-dimensional probabilistic distribution repre-
sentations of normal flight data, then captures long-term temporal dependencies through
LSTM, and finally introduces a multi-head self-attention mechanism to enhance focus on
critical time steps and parameters. Anomalies are jointly judged through reconstruction
error and attention weights. This model performs well on real QAR datasets for various
abnormal events (such as attitude anomalies and speed deviations). The statistical highlight
of this method lies in the organic integration of probabilistic generative models (VAE) and
temporal modeling (LSTM), which not only preserves uncertainty quantification capability
but also improves the capture of long-distance dependencies. Compared with pure statisti-
cal methods, it can automatically learn complex nonlinear features; compared with pure
deep learning models, it provides more intuitive anomaly scoring mechanisms through
reconstruction error Rong et al. [6].
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The MAD-XFP framework proposed by Dang et al. [1] is a typical representative of
hybrid methods. With XGBoost as the core, the framework systematically integrates feature
engineering, Borderline SMOTE for imbalanced data handling, and Optuna for automatic
hyperparameter optimization to achieve joint detection of multiple types of abnormal
events during the approach phase. At the same time, SHAP (Shapley Additive exPlanations)
values are introduced to calculate the contribution of each feature to abnormal events,
automatically generating preliminary causal analysis reports distinguishing human factors
from environmental factors. This framework achieved high-precision results on real QAR
datasets and significantly outperformed single threshold methods and traditional machine
learning models. Its statistical contributions include transforming domain knowledge into
quantifiable indicators through feature engineering, effectively alleviating class imbalance
using Borderline SMOTE, and providing strict statistical interpretability through SHAP to
support regulatory compliance Dang et al. [1].

Li X et al. [10]’s CurveCluster+ algorithm further integrates statistical risk assessment
on the basis of curve clustering. It extracts principal components and depth indicators of
landing curves through functional data analysis and then combines Bayesian posterior
probabilities to quantify the risk levels of each cluster. This hybrid method preserves the
interpretability of curve morphology while achieving probabilistic output of risk, providing
a complete solution for hard landing mode recognition. Tang et al. [8] combined Fast-DTW
trajectory clustering with machine learning parameter completion, generating probabilistic
representative trajectories and inputting them into a noise prediction engine, demonstrating
the successful extension of clustering methods to environmental risk management.

In addition, the introduction of interpretable Al techniques in statistical learning is
an important development trend of current hybrid methods. SHAP, LIME, and other
methods are widely used to explain deep model outputs, compensating for the “black-box”
deficiency. Dang et al. [1] achieved automatic causal analysis of abnormal events through
SHADP, significantly improving the usability of models in aviation safety regulation. In the
future, Bayesian networks can be incorporated as prior structures into deep learning frame-
works to form “Bayesian deep learning” hybrid models, further enhancing uncertainty
quantification and causal reasoning capabilities.

The main advantages of hybrid and emerging statistical learning methods lie in their
strong feature extraction capability, which means deep learning components can auto-
matically learn complex patterns in high-dimensional QAR time-series data; improved
interpretability, which means tools such as SHAP provide statistical-level feature contri-
bution explanations; good robustness, which means through imbalanced data handling
and hyperparameter optimization, they adapt to the complex characteristics of real QAR
data; and multi-task synergy, which means they can simultaneously achieve anomaly
detection, risk quantification, and causal analysis Dang et al. [1]; Rong et al. [6]. Their
limitations are mainly reflected in high computational resource requirements; increased
model complexity may reduce generalization capability; and interpretability still requires
validation by domain experts.

Overall, hybrid methods represent the development direction of QAR data safety
assessment. In practical applications, it is recommended to adopt a complete technical chain
of “unsupervised clustering for pattern discovery—Bayesian probabilistic quantification—
hybrid model fine prediction—SHAP interpretable analysis” to achieve efficient, accurate,
and trustworthy flight safety state assessment Tang et al. [8]; Li X et al. [10]; Dang et al. [1].

As shown in Table 5, these hybrid methods have significantly enhanced the overall
performance of QAR data analysis by effectively integrating the interpretability of tradi-
tional statistical approaches with the powerful feature extraction and modeling capabilities
of machine learning. This synergy not only improves prediction accuracy and robustness
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but also strengthens the models’ practical applicability and regulatory compliance, thereby
providing a solid and powerful toolkit for subsequent real-world application scenarios in
flight anomaly detection and risk warning. For instance, the MAD-XFP framework Dang
et al. [1] demonstrates strong performance in multi-type anomaly detection on real QAR
datasets, achieving high precision through XGBoost and providing interpretability via
SHAP values. Similarly, VAE-LSTM Rong et al. [6] shows excellent capability in capturing
long-term temporal dependencies, although it requires higher computational resources.
CurveCluster+ Li X et al. [10] offers superior morphological pattern recognition for hard
landing events compared to traditional threshold methods.

Table 5. Comparison of Hybrid and Emerging Statistical Learning Methods.

Method Representative . . o Computational Typical
Framework Works Core Technology Main Innovations Interpretability Complexity Applications
Multi-type anomaly .
e Multi-event
XGBoost + SHAP + Bor- joint . . S
MAD-XFP Dang et al. [1] derline SMOTE detection + causal High Medium detection in
. approach phase
analysis
. Reconstruction error +
VAE + LSTM + Multi- . . General anomaly
VAE-LSTM Rong et al. [6] head Self-Attention temporal f.eature Medium High detection
extraction
FDA + Cluster- Curve mox phology R
CurveCluster+ . . . . recognition and . . Hard landing risk
- Li Xetal. [10] ing + Bayesian Risk e High High
Extension e probabilistic risk assessment
Quantification fusion

Note: Interpretability and Computational Complexity (High/Medium/Low) are author-judged based on presence
of explainable outputs (e.g., SHAP and causal graphs), reported computation times, and suitability for aviation
regulatory use.

5. Typical Application Scenarios

QAR data-driven safety assessment methods have been practically applied in multiple
high-risk flight scenarios. This chapter focuses on the landing phase (the most critical
high-risk area), takeoff phase, and other typical scenarios. It analyzes the synergistic effects,
performance, and engineering value of representative methods, highlighting the practical
deployment capabilities of statistical learning in real operations.

5.1. Risk Warning in the Landing Phase

The landing phase accounts for only about 1% of total flight time, yet it has an accident
rate as high as 24%, making it the top priority in civil aviation safety management. The appli-
cation of QAR data in landing risk warning is the most mature, primarily focusing on typical
events such as hard landing, runway overrun, long landing, and high-plateau approach.

In terms of runway overrun risk assessment, Li et al. [7] proposed a dynamic runway
overrun risk assessment model based on real QAR data from a certain airline’s A320 fleet.
The model first corrects the landing trajectory using a projection combined with a ground
speed correction method to address noise and offset issues in QAR data. It then designs
an algorithm to automatically identify autobrake levels and constructs a dynamic risk
curve with remaining runway length as the horizontal axis and touchdown speed as the
vertical axis. The area under the curve is defined as the high-risk zone, and the distance
from sample points to the curve is quantified as the risk indicator. Experimental results
show that automatic deceleration rate, touchdown distance, and kinetic energy at 50 ft
are the key statistical factors for runway overrun risk. The model effectively identifies
high-risk flights on real datasets and significantly outperforms traditional static threshold
methods Li et al. [7]. Wang Lei et al. [14] further applied association rule mining to QAR
landing exceedance events, revealing hidden multi-parameter relationships and providing
a data-driven foundation for constructing risk warning rule bases.
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For hard landing pattern recognition and risk quantification, the CurveCluster+ algo-
rithm proposed by Li X et al. [10] is a representative work. The method treats parameters
such as vertical acceleration and pitch angle during landing as functional data. It uses
functional principal component analysis and curve clustering to identify landing patterns at
different risk levels and quantifies the risk of each pattern. Compared with single-parameter
threshold methods, this approach can capture morphological differences across the entire
landing curve and provides interpretable cluster center curves, offering intuitive statistical
tools for pilot training and risk warning Li X et al. [10]. Zhang Chaohui [17] combined
risk coupling theory to construct a hard landing risk analysis model based on QAR data,
achieving comprehensive risk quantification through coupling metrics of multi-factor inter-
actions. These studies collectively demonstrate that functional data analysis and statistical
clustering have significant advantages in landing curve pattern recognition.

High-plateau airports face higher landing risks due to high altitude, low air density,
and complex meteorological conditions. Chen Nongtian et al. [18] proposed a risk as-
sessment method for civil aircraft high-plateau approaches and landings based on QAR
data. They used statistical modeling to quantify the effects of approach speed, descent
rate, wind shear, and other factors, constructing a comprehensive risk indicator system
suitable for high-plateau environments. This study provides important data support for
safe operations at plateau airports. Wang Lei et al. [14] conducted an earlier systematic
analysis of QAR data applications in preventing landing incidents, emphasizing the value
of real-time data monitoring for early intervention. These works have formed a complete
chain from single-event monitoring to multi-factor dynamic risk assessment.

Table 6 clearly illustrates the focus and complementarity of different methods in
landing risk assessment. Traditional statistical methods and association rules excel in inter-
pretability and rule extraction: curve clustering methods demonstrate unique advantages
in capturing morphological features of landing curves, while hybrid approaches such as
XGBoost + SHAP provide powerful capabilities in multi-type anomaly detection and auto-
matic causal analysis. This complementarity allows researchers and practitioners to select
or combine appropriate methods according to specific application requirements, ranging
from regulatory-compliant rule generation to high-precision dynamic risk quantification,
and thereby providing valuable and practical references for engineering applications in
real-world flight safety management and risk warning systems.

Table 6. Comparison of Typical Risk Assessment Methods in the Landing Phase.

. Key Influencing Method
Works Year Core Method Key Risk Event Factors Highlights
Dynamic risk Autobrake rate, Dvnamic
Lietal. [7] 2023 curve + trajectory Runway overrun touchdown distance, ynaric
; S quantification
correction 50 ft kinetic energy
Li X etal. .
(CurveCluster) 2022 C.urve Hard landing pattern Landing curve Interpretabl.e
[10] clustering + FDA morphology curve clustering
Chen Nongtian Statistical High-plateau Approach spet.ed, Scenario
2024 . . descent rate, wind s
etal. [18] modeling approach & landing shear adaptability
Wang Lei et al. 2024 Associationrules ~ Landing exceedance Mu1.t1—.parameter Interpretable
[14] association patterns rules
Dang et al. [1] 2025 XGBoost + SHAP  Multi-type anomalies  Feature contribution Automatic causal

analysis
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5.2. Full-Flight Phase Anomaly Pattern Recognition

Although takeoff phase risk is lower than landing, events such as runway overrun
can still cause serious consequences. Li C F et al. [19] focused on takeoff runway overrun
risk, mining pilot behavioral characteristics from real flight data and constructing a human-
factor-based risk assessment model. The model analyzes behavior patterns such as thrust
setting, speed management, and decision timing, and quantifies the contribution of differ-
ent behaviors to runway overrun risk through statistical modeling. It provides a scientific
basis for pilot training and procedure optimization Li C F et al. [19]. This study forms a com-
plementary relationship with the landing phase dynamic risk model, jointly demonstrating
the consistency framework of QAR data in full-flight phase risk quantification.

5.3. Other Typical Application Scenarios

In multi-type anomaly detection and causal analysis, the MAD-XFP framework pro-
posed by Dang et al. [1] targets multiple abnormal events during the approach phase (e.g.,
high descent rate, large roll angle, high/low approach speed) and achieves joint detection
and automatic causal analysis. The framework combines feature engineering, Borderline
SMOTE, and SHAP explanation techniques, achieving high-precision results on real QAR
datasets and outputting preliminary causal reports distinguishing human factors from
environmental factors Dang et al. [1]. Rong Chuitian et al. [6] demonstrated excellent
performance in anomaly detection using their VAE-LSTM multi-head self-attention model,
particularly suitable for capturing local mutations and global trend deviations.

In flight operation pattern recognition, Zheng Lei et al. [16] used DTW clustering on
QAR data to identify operation modes at different risk levels and analyzed their associations
with safety events, providing a pattern library for risk warning. Tang et al. [8] extended
QAR trajectory clustering to airport noise prediction, generating probabilistic representative
trajectories through Fast-DTW and completing operational parameters to achieve high-
fidelity noise distribution prediction. This demonstrates the cross-domain application
potential of QAR data in safety and environmental protection. Chen Fang et al. [13] used
dynamic Bayesian networks to assess safety risks of civil aviation airborne shutdown events,
achieving temporal dynamic probability reasoning. Similar pattern recognition approaches
have also been explored in recent studies on abnormal flight pattern identification using
QAR data (Wang [20]), and turbulence anomaly detection based on symbolic classifiers
(Zhuang et al. [21]).

Beyond the core risk-warning scenarios, QAR data have also been applied to more
specialized tasks, such as monitoring severe damage defects of brake heat packs (Jiao
and Zhou [22]), analyzing signal quality of the instrument landing system (Dong [23]),
diagnosing intermittent faults in the attitude and heading reference system (Li [24]), evalu-
ating airline flight safety resilience (He [25]), and analyzing navigation station positioning
errors (Gou [26]).

5.4. Method Synergistic Mechanisms and Comprehensive Evaluation

In actual FOQA systems, various methods usually form layered synergistic mecha-
nisms: traditional statistical methods provide probabilistic foundations, clustering methods
discover patterns, Bayesian methods perform causal reasoning, and hybrid learning meth-
ods achieve fine prediction and interpretable output. For example, in landing risk assess-
ment, CurveCluster+ can first be used to identify patterns, followed by dynamic risk curves
Li et al. [7] for risk quantification, and finally SHAP Dang et al. [1] for causal explanation.

Comprehensive evaluation shows that statistical learning methods have significant
advantages in interpretability and practical engineering applicability, but still need to
address issues such as real-time performance, cross-aircraft-type generalization, and small-

https://doi.org/10.3390/aerospace13080693


https://doi.org/10.3390/aerospace13080693

Aerospace 2026, 13, 693

19 of 24

sample problems. Future studies may further combine statistical modeling with Al-based
feature learning to improve QAR-based safety assessment across different flight phases
and operational scenarios.

6. Challenges and Future Directions

Although significant progress has been made in QAR data-driven flight safety state
assessment methods, numerous challenges remain in practical deployment and large-scale
application. This section summarizes the main challenges in current research and outlines
future directions from the perspective of statistical learning.

6.1. Current Major Challenges

The first challenge is interpretability and regulatory compliance. Aviation safety
regulators impose extremely high requirements on model transparency. Although hybrid
methods dominated by deep learning achieve high accuracy, their “black-box” nature
makes the decision-making process difficult to explain. While Dang et al. [1] introduced
SHAP to improve interpretability, SHAP value computation incurs large overhead in high-
dimensional QAR data and remains sensitive to noise. Traditional Bayesian networks
Barry [12]; Chen Fang et al. [13] offer strong interpretability, but structure learning in large-
scale networks is difficult and heavily relies on expert priors. Achieving “interpretable
Al” while maintaining high accuracy remains a core challenge for statistical learning in
aviation safety.

The second challenge concerns real-time performance and computational efficiency.
QAR data requires high real-time capability, yet processing the high-dimensional time series
involves enormous computational costs. Although Tang et al. [8]’s Fast-DTW clustering
reduces complexity through acceleration algorithms, latency issues persist in high-traffic
terminal areas. Deep models such as VAE-LSTM Rong et al. [6] consume excessive resources
when deployed on edge devices. Balancing real-time risk warning with high-precision
modeling is a major bottleneck for actual FOQA system deployment.

Third, insufficient cross-aircraft-type and cross-airport generalization capability and
data quality and imbalance issues remain prominent. Most studies are based on single
aircraft types (e.g., A320) or single airports, resulting in poor model generalization. Li
et al. [7]'s dynamic risk curves require parameter recalibration under different runway
conditions and meteorological environments. Although Chen Nongtian et al. [18]’s high-
plateau model is optimized for specific scenarios, its performance declines when transferred
to plain airports. Constructing robust domain-adaptive models is an important issue
for statistical learning. Additionally, QAR data generally suffers from missing values,
noise, and sparse labels. Even though Dang et al. [1] used Borderline SMOTE to alleviate
imbalance, synthetic samples may introduce new noise. While trajectory correction Li
et al. [7] is effective, its accuracy still needs improvement under complex meteorological
conditions. The inconsistency in multi-source data fusion (QAR + ADS-B + meteorological
data) further increases preprocessing difficulty.

Finally, causal inference and dynamic risk quantification are insufficient. Existing
studies mostly remain at the correlation level, with limited true causal inference capa-
bility. Although Barry [12]’s Bayesian network provides causal paths, it struggles with
time-varying interventions. Dynamic risk curves Li et al. [7] consider temporality but
have limited modeling capability for complex intervention scenarios (e.g., temporary pi-
lot decisions). How to integrate causal discovery with predictive modeling to support
intervention-oriented risk analysis remains a major challenge.
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6.2. Future Development Directions

Although QAR-based safety assessment has made substantial progress, several issues
remain before these methods can be widely used in operational environments. Future re-
search may focus on six directions: representation learning for QAR curve data, integration
of causal inference with predictive modeling, multi-source data fusion and cross-domain
adaptation, interpretable Al and human-machine decision support, extension to eVTOL
and urban air mobility operations, and privacy-preserving collaborative learning. These
directions are important for developing QAR-based safety assessment methods that are
reliable, interpretable, and suitable for practical aviation applications.

First, functional data analysis can be combined with modern sequence-learning archi-
tectures to improve the representation of QAR curve data. For example, the CurveCluster+
approach proposed by Li X et al. [10] can be further developed into a pre-training and
fine-tuning framework, in which large-scale normal QAR data are first used to learn general
representations of flight-parameter curves, and task-specific risk data are then used to adapt
the model to particular safety assessment problems. Such a framework may help capture
the shape, phase-dependent evolution, and temporal variation in QAR curves, including
landing-related patterns, while improving the transferability of models across different
aircraft types, airports, and operational scenarios.

Second, the unified framework of causal inference and predictive modeling is another
key direction. Deeply integrating Bayesian causal networks with deep predictive models
to construct a “causal + predictive” hybrid architecture can simultaneously achieve risk
prediction and intervention effect estimation. The SHAP method from Dang et al. [1] can
serve as an important bridge for quantifying intervention effects through feature contribu-
tion analysis. Further introduction of structural causal models (SCM) and counterfactual
reasoning techniques will better support “What-if” safety decision scenarios, such as sim-
ulating risk changes under different operational strategies, thereby providing a scientific
basis for active prevention.

Third, multi-source heterogeneous data fusion and cross-domain adaptation capa-
bilities urgently need enhancement. Future efforts should integrate diverse information
such as QAR, ADS-B, meteorological data, air-ground voice communication, and main-
tenance records to build multi-modal fusion frameworks. Techniques such as domain
adversarial training, transfer learning, and probabilistic trajectory modeling Tang et al. [8]
can be utilized to improve model generalization across different aircraft types, airports,
and high-plateau versus plain scenarios, thereby addressing the current limitation of most
models being adapted only to “single aircraft type, single airport.”

In addition, the construction of interpretable AI and human-machine collaborative
decision-making systems will become an important trend. A hybrid explanation system of
“statistical interpretability + visualization” should be developed, organically combining
SHAP values, attention mechanisms, and Bayesian posterior distribution visualization
to provide pilots, air traffic controllers, and safety managers with intuitive risk profiles
and decision recommendations. In this process, exploring human-machine collaborative
frameworks is particularly critical: model outputs serve as auxiliary decision references,
with final confirmation by human experts, forming an “Al assistance + human oversight”
closed loop that preserves intelligent efficiency while ensuring safety and reliability.

With the growth of low-altitude and urban air mobility operations, safety assessment
for new aircraft types such as eVTOL is becoming an emerging research direction. It is
necessary to develop lightweight, real-time QAR-like data analysis methods tailored to
the high maneuverability, dense urban airspace, and complex low-altitude environments
of eVTOL. Existing mature landing risk models Li et al. [7]; Chen Nongtian et al. [18] can
serve as foundations and be extended to risk assessment and warning systems for vertical
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takeoff and landing as well as urban air mobility (UAM) scenarios, providing technical
support for safe low-altitude economic operations.

However, privacy protection and data sharing issues must not be overlooked. Future
efforts should vigorously develop federated learning frameworks to achieve joint model
training across airlines and institutions without sharing raw sensitive QAR data. At the
same time, combining differential privacy and secure multi-party computation technologies
can ensure the security and compliance of data flows, laying the foundation for large-scale
collaborative research and industry-level safety platforms.

Finally, standardization and engineering implementation are key to transforming re-
search results into practice. The formulation of industry standards for QAR data processing,
model evaluation, and risk warning should be accelerated, along with the establishment of
open-source benchmark datasets and unified evaluation frameworks. End-to-end FOQA
intelligent platforms should be developed to encapsulate statistical learning methods as
configurable modules, supporting rapid deployment, continuous optimization, and per-
sonalized customization, thereby truly achieving a closed loop from theoretical research to
engineering practice.

Through in-depth exploration of the aforementioned directions, the deep integration of
statistical learning and artificial intelligence is expected to build an intelligent safety assessment
system that is “interpretable, real-time, and causally driven,” providing strong technical
support for the construction of intelligent civil aviation and aviation safety governance.

6.3. Proposed Research Roadmap

To bridge current research gaps and accelerate the transition from theory to practice,
we propose a phased research roadmap for QAR data-driven aviation safety systems.

In the short term (1-2 years), priority should be given to foundational infrastructure,
including the establishment of standardized, publicly available QAR benchmark datasets
with unified preprocessing pipelines. Researchers should also focus on integrating ex-
plainable Al techniques, particularly universal SHAP-based interpretation modules, into
existing models to enhance regulatory acceptance and facilitate rapid validation.

In the medium term (2—4 years), efforts should shift toward developing hybrid architec-
tures that combine Bayesian networks with deep learning models. These “Bayesian-Deep”
frameworks would enable dynamic causal reasoning and support “what-if” scenario sim-
ulations for intervention evaluation. Concurrently, domain-adaptive transfer learning
techniques should be explored to improve model generalization across different aircraft
types, airports, and operational conditions.

In the long term (4 years and beyond), the focus will expand to emerging aviation
paradigms. Existing landing risk and anomaly detection frameworks should be extended
to electric vertical takeoff and landing (eVTOL) vehicles and urban air mobility (UAM)
operations. To ensure robustness and practical applicability, future studies should conduct
rigorous validation across diverse scenarios, including different aircraft types (e.g., narrow-
body vs. wide-body), airports (high-plateau vs. plain), airlines with varying operational
procedures, and multiple time periods (different seasons and years). Key performance
metrics should include false alarm rate, anomaly detection success rate (e.g., precision,
recall, F1-score), real-time processing time (latency), computational efficiency, and expert
validation by pilots, safety officers, and regulators to assess the system’s clinical and
operational value. To enable large-scale collaboration, privacy-preserving technologies
such as federated learning and differential privacy should be adopted, allowing multiple
airlines and institutions to jointly train models without sharing sensitive raw QAR data.
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This phased roadmap provides a structured pathway toward building interpretable,
real-time, and causally aware QAR-based safety assessment systems that meet both scien-
tific and regulatory demands.

7. Conclusions

QAR data, as an important data foundation for civil aviation flight safety, has become
a key enabler for the transformation from passive response to active prevention. This paper
systematically reviews flight safety state assessment and risk warning methods based
on QAR data from an applied statistics perspective. The study first analyzes the statisti-
cal characteristics of QAR data, including its high-dimensional temporality, multi-source
heterogeneity, class imbalance, and sparse anomalies, and reviews corresponding prepro-
cessing techniques. Second, following the methodological evolution logic, it categorically
summarizes core assessment methods: traditional statistical methods (Bayesian networks,
association rules, SPA-Markov) provide probabilistic foundations and causal inference;
clustering and unsupervised anomaly detection (GMM, CurveCluster, Fast-DTW) enable
pattern discovery; Bayesian and probabilistic reasoning methods strengthen dynamic
risk quantification; and hybrid and emerging statistical learning methods (VAE-LSTM,
MAD-XFP, XGBoost + SHAP) integrate multiple advantages to improve accuracy and
interpretability. Then, focusing on high-risk scenarios such as landing and takeoff, it ana-
lyzes typical application cases and method synergistic mechanisms. Finally, it summarizes
current challenges and proposes future development directions.

Statistical learning methods demonstrate unique advantages in QAR data analysis.
Traditional statistical methods provide solid probabilistic foundations and interpretability;
clustering methods achieve unknown pattern discovery; Bayesian methods strengthen
causal reasoning; and hybrid learning methods organically integrate multiple techniques
to form the current mainstream technical framework. The landing phase is the most
mature high-risk scenario for QAR applications. Methods such as dynamic risk curves,
curve clustering, and association rules exhibit strong effectiveness in runway overrun, hard
landing, and high-plateau approach risk assessment, significantly outperforming traditional
threshold monitoring. Interpretability, uncertainty quantification, and dynamic modeling
are the core contributions of statistical learning. Techniques such as SHAP, Bayesian
posterior probabilities, and functional data analysis effectively enhance the regulatory
usability and decision support capability of models. Method synergy is the key to achieving
engineering deployment. In actual FOQA systems, a layered framework of “unsupervised
pattern discovery, statistical probability quantification, hybrid model fine prediction, and
interpretable causal analysis” should be adopted.

Although existing research has achieved important progress, it still faces multiple
challenges including interpretability, real-time performance, cross-domain generalization,
data quality, and privacy protection. In the future, research should focus on directions such
as deep integration of functional data analysis with large models, unified frameworks of
causal inference and predictive modeling, multi-source heterogeneous data fusion, privacy
computing technologies, and adaptation to low-altitude economy and eVTOL scenarios.
Continuous innovation in statistical learning and artificial intelligence is expected to build a
more intelligent, trustworthy, and efficient flight safety state assessment system, supporting
more reliable, interpretable, and data-driven aviation safety management.
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