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Abstract: Flight Operations Quality Assurance (FOQA) is an internationally recognized
solution to ensure the safety of civil aircraft flights based on Quick Access Recorder (QAR)
data. The traditional approach to anomaly detection in civil aviation is to detect the over-
limit values of monitoring parameters for each monitoring event based on the standards
issued by civil aviation authorities. Usually, for each anomaly detection operation routine,
this only works for one monitoring event. Furthermore, the causal analyses for the detected
anomaly events are based on the relevant worker’s expertise. In order to improve the
efficiency of FOQA, this paper proposes an automated anomaly detection and causal
analysis method called MAD-XFP. Due to the unique industry characteristics of QAR data
and the requirements of FOQA, feature engineering and hyper-parameter optimization
techniques are utilized to enhance the machine learning model. The proposed method can
monitor multiple events in one routine and provide a causal analysis. In the causal analysis
process, the Shapley additive interpretation method is applied to produce analysis report
for detected anomalies. Experimental evaluations are conducted on real civil aviation
datasets. The experimental results show that the proposed method can efficiently and
automatically detect different abnormal events with high precision in the approach phase
and produce preliminary causal analysis.

Keywords: anomaly detection; QAR data; civil aviation; causal analysis

1. Introduction

Flight Operations Quality Assurance (FOQA) [1] is an important aspect of airline
safety management and has been widely recognized by the global civil aviation industry.
By analyzing daily flight data collected by digital flight data recorders, these data are useful
for detecting unsafe events and potential hazards during the flight process, optimizing air
traffic control procedures, and improving flight quality. The Quick Access Recorder (QAR)
is an important instance of digital equipment that captures a large amount of parameters
during aircraft flights, including crew actions, aircraft status, engine performance, fuel
consumption, and additional pertinent data. This recorded information [2] forms the
essential data foundation (called QAR data) for FOQA.

However, QAR data record a large number of flight parameters (over 2200 parameters
for Airbus A320), and for each parameter, its collecting frequency, accuracy, and data
format are not consistent. In addition, there are many data quality issues such as noise,
anomalies, and missing data in collected QAR data, which create great challenges for
downstream applications such as data mining, model training, abnormal flight detection,
and casual analysis. QAR data need to be cleaned before further analysis is performed.
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On the other hand, the civil aviation industry in China has always been at the forefront
of safety management. According to the 2022 China Civil Aviation Administration Sta-
tistical Bulletin, the ten-year rolling value of the major accident rate is 0.011 (per million
flights), which is significantly lower than the average global industry. The vast majority
of QAR data are within normal ranges. The quantity and proportion of data parame-
ters related to certain anomaly events are relatively small, demonstrating an unbalanced
data distribution. Overall, the unbalanced distribution and the low data quality, along
with the unique industry characteristics of QAR data, present considerable challenges
for FOQA.

An aircraft usually goes through several stages to complete a flight, including taxi
in and take off, climb, cruise, descent, approach, and landing. Different aircraft types
usually have different classification standards. The approach phase refers to the process
during which an aircraft systematically descends from its cruising altitude, transitioning
towards to the destination airport. During the approach phase, the flight operation is
susceptible to the influence of multiple factors, including adverse weather conditions,
crew actions, and technical malfunctions. These influences may contribute to a high
likelihood of over-limit events [3]. The approach phase is the most prone to anomalies
throughout the entire flight process. So, this work focuses on anomaly detection in the
approach phase.

Traditional flight anomaly detection relies on the monitoring items and standards in
the FOQA guidelines issued by the Civil Aviation Administration of China (CAAC) to
identify over-limit parameter values. In this work, we focus mainly on the monitoring
events involved in the approach phase, as shown in Table 1. We compare the values of
monitoring parameters within the monitoring point range with the out-of-limit values
to determine whether they belong to the categories of severe deviation, mild deviation,
or normal data. The meaning of the monitoring parameters is shown in Table 2.

Table 1. FOQA monitoring items and requirements for Airbus A320 (Airbus, Leiden, The Netherlands)
(in approach phase) [1].

itori Deviation Limit Value
Monitoring Items Monitoring Monitoring Point
Parameters Mild Deviation Severe Deviation
>457 m/min >549 m/min
610 m (2000 ft)~305 m (1000 ft) (1500 ft/min) (1800 ft/min)
>396 m/min >457 m/min
Large Decent Rate vv 305 m (1000 ft)~152 m (500 ft) (1300 ft/min) (1500 ft/min)
>335 m/min >396 m/min
152 m (500 £)~15 m (50 ft) (1100 ft/min) (1300 ft/min)
457 m (1500 ft)~152 m (500 ft) >30° >35°
Large Approach Roll Angle ROLL 152 m (500 ft)~61 m (200 ft) >15° >20°
61 m (200 ft)~15 m (50 ft) >8° >10°
High Approach Speed IAS, VAPP 152 m (500 ft)~15 m (50 ft) >(VAPP + 15) kn >(VAPP + 20) kn
Low Approach Speed IAS, VAPP 305 m (1000 ft)~15 m (50 ft) <(VAPP — 5) kn <(VAPP — 10) kn
ILS Glide Slope Deviation GLIDE_DEVC below 305 m (1000 ft) >1.0 point >1.5 point
ILS Heading Deciation LOC_DEVC below 305 m (1000 ft) >1.0 point >1.5 point
Low-Altitude High Speed IAS below 762 m (2500 ft) >230 kn >250 kn

However, the traditional working manner carries several inherent risks:

1. It can only detect one anomaly in one operation routine. It lacks effectiveness in

identifying composite abnormal events that involve multiple anomalies.

2. It does not support automated causal analysis of abnormal events. It relies heavily on

expert experience to identify abnormal events and generate causal analysis reports.
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Table 2. Classification and description of QAR parameters.
Categories Parameters Units Description
IAS KTS Corrected Airspeed
VAPP KTS Approach Reference Speed
Monitoring Parameters GLIDE_DEVC DDM ILS Glideslope Deviation
LOC_DEVC DDM ILS Heading Deviation
ROLL DEG Roll Angle
IAYAY FT/MIN Decent Rate
TLA DEG Throttle Resolver Angle
Pilot Operating Parameters SEL_COURSE — Selected Course
FF1 PPH Fuel Mass Flow Rate ENG.1
VB11 % N1 VIB ENG.1 BRG1 or TRF
HEIGHT FT Corrected Height
RALTC FT Radio Height
ALT STDC FT Altitude Standard Recorded
VRTG G Normal Acceleration
LATG G Lateral Acceleration
LONG G Longitudinal Acceleration
SPOIL_POS — Spoiler Position
Flight State Parameters VOR_FRQ HZ Vor Frequency
N11 % Low Rotor Speed ENG.1
FLAPC DEG Flap Actual Position
HEAD DEG Magnetic Heading
PITCH DEG Pitch Angle
RUDD DEG Rudder Position
FPA DEG Flight Path Angle
VREF KTS Landing Reference Speed
WIN_DIR DEG Wind Direction
Environmental Parameters WIN_SPD KN Wind Speed
LONPC DEG Present Position Longitude
LATPC DEG Present Position Latitude
Indicating Parameter TIME_R o . Time
FLIGHT_PHASE — Flight Phase

To address the increasing demands of FOQA, leveraging artificial intelligence and
machine learning technologies to improve the efficiency and quality of FOQA has become
a priority for civil aviation.

EXtreme Gradient Boosting(XGBoost) [4] is an ensemble machine learning algorithm
based on decision trees, widely applied for regression and classification tasks. This model
has notable advantages in handling anomalies, balancing data distribution, and providing
interpretability [5,6]. However, there are still several challenges to apply it to QAR data in
practice. Due to the inherent characteristics of QAR data, data pre-processing is essential
and must be tailored to the specific requirements of the anomaly detection task. Addi-
tionally, the XGBoost model involves over 10 parameters, including general parameters,
tree-specific parameters, learning task parameters, etc. Consequently, optimizing the model
to adapt to anomaly detection in QAR data is also a complex task.

To achieve intelligent and automated flight anomaly detection and causal analysis in
civil aviation, we propose a comprehensive method, MAD-XFP. This method is based on
XGBoost, incorporating automated feature engineering techniques and AutoML model
optimization. The proposed method can effectively identify various abnormal events and
composite events in one operation routine, facilitating automated causal analysis.
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In response to data quality issues, this paper first supplements missing values using
the nearest neighbor principle. Then, we perform dimensionality reduction on the data and
standardize the sampling rate. By combining the industry characteristics of QAR data with
feature engineering techniques, new features can be generated to improve the accuracy
of the results. In response to the shortcomings of traditional detection methods, we use
machine learning and automated models to classify data and calculate contribution rates
to achieve automated anomaly detection and intelligent factor analysis of civil aviation
flight data.

In summary, the main contributions of this work are listed as follows:

1.  Anautomated anomaly detection method is proposed, tailored to the unique charac-
teristics of QAR data and the requirements of FOQA. This model can detect various
abnormal events in one operation routine.

2. In order to achieve efficient convergence rates and lower over-fitting risks, the ad-
vanced feature engineering techniques and hyper-parameter auto-tuning techniques
are utilized.

3.  An automated and intelligent causal analysis technology for abnormal events is
proposed to address the limitations of the traditional FOQA working method.

4. Method evaluation experiments are conducted on real QAR datasets. The evaluation
and comparison results are presented with in-depth analysis.

2. Related Works

QAR data is essentially multidimensional time series data. There are many anomaly
detection methods for multidimensional time series, which can be roughly divided into
three categories: statistical methods, machine learning methods, and deep learning methods.

The statistics-based method is the earliest and most mature method for detecting
anomalies in multidimensional time series. In past development and application [7,8], it
has been found that the statistical method has many shortcomings, such as an inability to
consider the order of events and difficulty in determining the boundaries of anomalies.
These are fatal drawbacks for anomaly detection in time series.

In the big data era, with the rapid development of artificial intelligence, machine-
learning-based technologies have been applied to solve anomaly detection problems in time
series. Compared to deep learning, traditional machine learning algorithms typically have
better interpretability in explaining how the model makes predictions or classifications.
This is very important for causal analysis of QAR data anomalies.

Hu et al. [9] proposed a meta-feature-based anomaly detection method (MFAD) for
identifying anomalous states in univariate and multivariate time series. The proposed
MFAD method not only identifies local abnormal states in the original time series, but also
reduces computational complexity. Lee et al. [10] proposed a semi-supervised anomaly
detection algorithm using probabilistic labeling (SAD-PL) for unlabeled data, which can
ensure stable detection efficiency regardless of changes in the ratio of normal to abnormal
data in unlabeled data. Akhmedova et al. [11] proposed a hybrid clustering approach
for anomaly detection based on fuzzy logic and evolutionary computation. This method
uses a portion of known categories to label data and divides them into a given number of
clusters, then attempts to determine whether new instances that may not have been labeled
belong to known or new categories, or whether they are anomalies. It can find new classes
outside of anomalies while achieving better classification accuracy. Although the above
anomaly detection algorithms can effectively detect anomalies through training on large
amounts of data, QAR data, as multidimensional time-series data with significant industry
characteristics, have the characteristics of heterogeneity and non-periodicity, which make
the above methods unable to adapt well. Sun et al. [12] proposed a new model for anomaly
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detection based on QAR data, which utilizes autoencoders and the DBSCAN algorithm to
extract features from QAR data, complementing traditional anomaly detection methods.
Qiu et al. [13] proposed a three-stage QAR data anomaly detection algorithm considering
complex spatial-temporal correlations in QAR data. They also proposed a dual K-means
clustering algorithm that can automatically select the hyper-parameter K, which achieved
good anomaly detection for QAR data.

In summary, machine learning-based methods can handle the problems of anomaly de-
tection and causal analysis of time series data. However, these methods used for QAR data
mostly focus on data anomalies without considering the requirements of FOQA and cannot
produce the causal analysis report automatically. In order to solve the above issues and im-
prove the efficiency of anomaly detection for FOQA, we proposed a machine learning-based
method incorporating feature engineering and hyper-parameter optimization techniques.

3. Preliminary Preparation for Data and Causal Analysis

In this section, we first formalize the definition of the problem to be solved in this
paper. Then, the details of data preprocessing techniques applied to QAR data are listed,
including data cleaning and data balancing. Lastly, we elaborate on the preparations
undertaken for causal analysis.

3.1. Problem Statement

The training data are defined as X4 = {x1,%2,...,x1, Y}, including the manual
labels, where L is the number of attributes in the input data. For each timestamp t, x! € RF
is an L-dimensional vector consisting of L numerical parameter values. x is defined as
xt={xt,xb,..., x|}, in which x! is the value of the i-th parameter at timestamp ¢.

The aim of the work is to train a machine learning model M based on X}, to detect
different anomalies from QAR data. Specifically, given the test data Xsest = {x1,x2,..., X1}
input to M, it will produce an output vector y € RL, where yr €{0,1,...,k} indicates the
type of anomaly.

3.2. Data Preprocessing
3.2.1. Data Cleaning

As the parameters in QAR data are collected at different frequencies, there are many
gaps without values when integrating them into one dataset. To stabilize the data, the first
step of data cleaning is to fill up the gaps with the adjacent values. Then, the related param-
eters will be extracted from the approach phase. Finally, in order to eliminate redundant
data and make data changes smoother, uniformly reducing the data to 1 Hz, we perform
a down-sampling on the extracted data and make the maximum value of the sampling
interval as the value for that second after reducing the sampling rate. The function of step is
shown in Figure 1. Define a parameter xi(m) = (x{, x{“, e, x{.‘+m), wherei € {1,2,...,L}
represents an attribute column, and m is the time step. The down-sampling conversion
process is as follows:

(xf,xfl,. .. ,x{+m) = max(x?, x{H,. ) .,xfrm) (1)
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Figure 1. Down-sampling results of pitch angle parameters.

3.2.2. Data Balancing

The experimental data used in this paper are provided by the Civil Aviation Admin-
istration of China and are real flight data. Although the probability of occurrence of an
anomaly is highest during the approach phase of a flight, it still accounts for a small portion
compared to normal data. Details are shown in Figure 2; it can be seen that abnormal
data account for 22.21%. Among them, ILS Glide Slope Deviation accounts for the largest
proportion, accounting for 42.44% of the entire anomaly, while Large Approach Roll Angle
accounts for the smallest proportion, only 0.20% of all anomalies. In conclusion, there is an
extreme imbalance in the proportion of various anomalies in the approach phase.

42. 44%

0.61%

7.11%

TT———— 1. 46%
. 16%

6. 52%
k. 14%

0. 20%
o malities ”“’"-n_,
No abnor |!|<|! ities 39, 354
Abnormalities
Large decline rate(2000ft-1000ft) High approach speed ILS heading deviation

B Large decline rate(1000ft-5001t) Low approach speed Large approach roll angle

Large decline rate(500ft-50ft) ILS glide slope deviation Low altitude high speed

Figure 2. Distribution of different anomalies in QAR data during approach phase.

For multi-class classification models, if there are insufficient training data for a certain
category, the model will learn too little “information” about that category, ultimately
resulting in difficulty in determining which category the data belong to. So, data imbalances
will have a significant negative impact on the final classification results and also affect the
accuracy of the model. Therefore, this paper uses the Borderline SMOTE algorithm [14] to
balance the data, which only uses minority class samples on the boundary to synthesize
new samples. The result after data balancing is shown in Figure 3.
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Figure 3. Distribution of samples using data balance techniques.

3.3. Preparations for Causal Analysis

The workflow for flight anomaly event detection and causal analysis in the approach
phase is as follows:

First, we classify the causes of abnormalities into two categories—human factor and en-
vironmental factor. Specifically, the initial determination of whether the abnormality was
caused by a human factor or environmental factor is based on the contribution of the
features of the abnormal events. The parameters and parameter categories used for abnor-
mality detection and causal analysis in the approach phase are shown in Table 2.

4. Multi-Type Anomaly Detection in Civil Aviation

In this section, we provide a detailed description of our proposed Multi-type Anomaly
Detection method based on XGBoost enhanced with Feature engineering and hyper
Paramenter optimization techniques, called MAD-XFP.

MAD-XFP mainly overcomes the shortcomings of the XGBoost model that make it not
suitable for the inherent characteristics of QAR data by incorporating feature engineering
and parameter optimization. By doing this, our method can identify multi-type anomalies
in one operation routine. Specifically, MAD-XFP first performs feature engineering on each
input sequence to enrich the representation of data features. Then, automated parameter
optimization is utilized to set optimized values for parameters of the model. Finally,
a decision tree is constructed using XGBoost to obtain the final prediction output. Figure 4
shows the general framework of MAD-XFP. The operation of the method will be described
in detail below.

Feature generation

include top-ranked features &3

i | S
v ) Study Object
( Feature Evaluation - 7 —
0 boosting - H
~ [ prediction | —= 1 Frme ] " Objecive

o Causal
N !
analysis

150099X
~

R Attribution —{B—» | Function | i

i Model ~ i I

+,-, X, <, min,max... ( \
; f i Trial Object —
; — -Operators —» Candidate i | J
Input Data | RS " features i
; combine,groupby... H

: [ sampler )

Figure 4. Overview of MAD-XFP.
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4.1. Model Design

The XGBoost algorithm is a machine learning algorithm based on Gradient Boosting
Tree, which uses a technique called tree boosting to construct models. XGBoost, as an
efficient and scalable gradient boosting algorithm, performs well in handling multiple
classification problems. For multiple classification tasks, XGBoost trains a decision tree for
each category, synthesizes the outputs of each sub-tree, and finally outputs the classification
results for the samples.

Define the training dataset as D, and the number of parameters in D as d.

(Xiyi) 2y )

where X; ; = {xl,j/ X0js e xd,j},j € [1, L], L is the number of attribute columns in D, and

yi€{0,1,...,N—1}.
If y; ,, represents the true value of the i-th sample on the n-th class, then the following

L yi=n
- 3
Yin { 0 otherwise ®)

statement can be made:

and then 7; , represents the predicted value of the i-th sample on class 7.
XGBoost is an additive model of boost, where each iteration optimizes only the sub
models in the current step. The step m can be defined as follows:

Fin(xi) = Fn—1(xi) + fm(xi) (4)

where f,,,(x;) is the sub-model of the current step, and F,,_1(x;) gives the first m — 1 sub-
models that have completed training and are fixed. Therefore, its objective function is
defined as follows:

M
D =Y 1y, 9V + filx) +Q(f) 5)
i=1

where L(*) represents the objective function of the t-th anomaly category, Z(y,,yl(t V4

fi(x;)) represents the loss function of the i-th sample, and Q(f¢) denotes the value of the
penalty term to prevent overfitting.

In the method proposed in this paper, the Optuna module uses weighted F1 values as
the objective function, and we use the cross-entropy loss function in the XGBoost model.
The objective function of the MAD-XFP method is as follows:

n k
Objective = L® — Z Z w;,jlog(pi;)

i=1j=1
M N—-1 (6)
_Z Z ]/1n+wzn log(pzn)
i=1 n=0

where N is the number of the category of anomaly events, y; , represents whether the
true label of the i-th sample belongs to the n-th class, and p; , represents the predicted
probability that the i-th sample belongs to the n-th class.

(1 + B2) - Precisiony, - Recall,

7
B2 - Precision,, + Recall, @

in —

where B is a weight parameter, and its default value is one. Precision, and Recall, are,
respectively, the precision and recall of the n-th class.
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The XGBoost model also provides a quantitative way to demonstrate the importance
of features that affect the model, which measures the value of features in the construction
of decision trees for model improvement. Figure 5 shows the characteristic parameters
calculated by the XGBoost model that are very relevant to the abnormal events in the
approach phase. The quantization sorting is based on the average gain of each feature
on the predicted results in all trees and reflects the splitting ability of the feature at each
node, because the stronger the splitting ability of a feature at each node, the greater its
contribution to the final prediction result.

Important features

RALTC

(A'A%

LOC_DEVC

GL IDE_DEVC
|AS-VAPP

FPA

ALT QNH

IAS

residual (LONPC)
residual (LATPC)
GS

ALT_STD

LONPC

ROLL

LONG

GwW

MACH
(TAT/ALT_STD)
HEAD

log (ALT_STD)

features

0 250 500 750 1000 1250 1500 1750
score

Figure 5. Distribution of feature importance of MAD-XFP (top 20).

Opverall, the improved XGBoost model proposed in this paper is capable of establishing
complex decision tree structures and performs well in capturing complex relationships in
data, improving classification accuracy.

4.2. Anomaly Detection

The XGBoost model iteratively builds multiple weak classifiers, each of which classifies
the data and then combines them into a strong classifier. The final output is the result of
the joint action of multiple classifiers. For a sample, the model gives K values, where k
is the number of categories. The sum of these k values is one. In this paper, we choose
the category with the highest probability as the prediction result. After the detection of
the MAD-XFP method, the output results, Y, represent different abnormal events, and the
relationship between each abnormal event and the abnormal label is shown in the following
Table 3.

During the training phase, we record the probability of abnormal Event B occurring
under the conditions of abnormal Event A, denoted as P(B|A). In the validation phase,
we consider the case where the probability of the sample being predicted as a certain
category is the highest as the final result, and record the result as Event A, with a prob-
ability of occurrence of P(A). Then, according to the conditional probability formula
P(AB) = P(B|A)P(A), we can calculate the probability of both Event A and Event B
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occurring simultaneously, denoted as P(AB). If P(AB) > 60 (0 < 6 < 1), we believe that
event A and event B occurred simultaneously in this sample. At this point, we have realized
the identification of abnormal events of multi-event coupling in QAR data.

Table 3. Information of anomaly label.

Abnormal Event Anomaly Label

o

No Abnormal Event Occurred
Large Decent Rate (2000 ft~1000 ft)
Large Decent Rate (1000 ft~500 ft)
Large Decent Rate (500 ft~50 ft)
Large Approach Roll Angle

High Approach Speed

Low Approach Speed

ILS Glide Slope Deviation

ILS Heading Deciation
Low-Altitude High Speed

O O JIONUl = WN -

5. Optimization Techniques
5.1. Automated Feature Generation

Automated feature engineering aims to create candidate features automatically from a
dataset and select several optimal features for training.

In this section, based on aircraft flight field knowledge, a feature interaction method
is used to construct new composite features, focusing on the dataset of this application
scenario. Using OpenFE (https://github.com/IIIS-Li-Group/OpenFE, (accessed on the
10 November 2024)), it is more efficient to achieve the construction of composite features.
Specifically, it includes the following aspects:

1. Interaction between time and geographic features: the parameters involved are
TIME_R, LONPC, LATPC, FLIGHT_PHASE.

2. Interaction between meteorological conditions and flight conditions: parameters
involved are RUDD, WIN_SPD, TAT, ALT _STD.

3. Flight dynamic feature interaction: parameters involved are FF1, GSC.

4.  Interaction between flight parameters and flight status: parameters involved are N11,
VB11, TLAI.

The OpenFE framework [15] can help to identify useful cross features with a certain
degree of interpretability. From the feature generation section in Figure 4, it can be seen that
the core idea of OpenFE is to generate possible candidate features first. Then, redundant
candidate features are removed. Finally, only features that are effective for the model are
retained. In the feature generation stage, the two different original features are combined
and transformed into candidate features through basic computation operations, including
addition, subtraction, multiplication, division, maximum and minimum, etc. Next, the
generated candidate features are validated and selected by gradient boosting to computing
their incremental contribution to the model, as follows:

il Vo9 + £ (xlrD) ®

i=1

In the above formulas, 7' represents a new feature set. However, this is only a rough
screening. Further consideration need to be given to the relationship between newly
generated features and original features. At this point, computing incremental contribution
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needs to be used on the entire feature set, including original features and new features.
The final results are shown in Table 4.

Table 4. Results information for candidate features.

Number Candidate Features
0 (LONPC*LATPC)
1 max(LONPC,LATPC)
2 (LONPC+LATPC)
3 residual(LATPC)
4 log(ALT_STD)
5 freq(RUDD)
6 max(TAT,ALT_STD)
7 log(GSC)
8 (FF1*GSC)
9 freq(FF1)
10 (N11*TLA1)
25 (N11/VB11)

5.2. Automated Parameters Optimization

As we know, the XGBoost model has more than 10 parameters, including general
parameters, tree parameters, learning task parameters, etc. The optimization of the param-
eters is a complex problem that requires the use of AutoML technology to improve the
efficiency of model training and optimization.

In our method, Optuna (https://optuna.org/, (accessed on 10 November 2024)) [16]
is used as an instrument to optimize model parameters, which is an advanced automatic
hyperparameter tuning framework. Its core idea is to efficiently explore the hyperparam-
eter space through an intelligent sampling algorithm and the accumulation of historical
information, so as to find the best hyperparameter configuration.

Specifically, Optuna models the optimization problem as an objective function, which
is the metric we need to optimize. In this paper, we set the objective function as the weighted
F1 score that assigns different weights based on the proportion of each category of the
model. Optuna defines a search space that contains hyperparameters that can be tuned and
their range of values, which constitute the decision variables of the optimization problem.
Optuna uses the idea of Bayesian optimization to guide the subsequent sampling direction
by building a probabilistic model of the objective function to find the optimal solution
faster. Common sampling strategies include Tree-Structured Parzen Estimator (TPE) [17],
Cost-Function-Based Policy Optimization (CFPO) [18], etc. In this paper, the Categorical
sampling strategy is used in the TPE method. The Categorical sampling strategy allows for
setting a selectable list of parameters, and Optuna will sample from these options based
on the specified sampling method. Optuna also provides support for parallelization, with
multiple hyperparameter combinations enabling simultaneous evaluation and enhancing
optimization efficiency. Moreover, Optuna is capable of acquiring intermediate results
during the training process, including loss values for each epoch, and making adjustments
to the subsequent search strategy accordingly. In general, Optuna achieves automatic and
efficient optimization of hyperparameters through the construction of an objective function,
definition of the search space, adoption of an efficient sampling strategy, and utilization of
intermediate results for timely adjustments. The results of automatic parameter tuning are
shown in Table 5.
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Table 5. Results of automated adjustment of parameters.

Parameter Default Optimum  Description Function
learning_rate 0.1 0.02 Learning rate Help converge stably
max_depth None 13 Maximum depth of tree Prevent over fitting
min_child_weight 1 4 The smallest sample weight sum Control the stop of splitting
subsample 1 0.8 Subsampling rate Balance the variance and bias
colsample_bytree 1 0.7 Sampling columns while spanning trees  Improve the generalization ability
alpha 0 0.080 L1 regularization coefficient Make more conservative
lambda 0 0.086 L2 regularization coefficient Make more conservative

6. Experimental Evaluations

The data for the experiments were extracted from the approach phase of 487 real-world
flights of the same aircraft type. The number of unbalanced training sets and those that
were balanced by the Borderline-SMOTE algorithm are shown in Table 6. Both the training
and testing data were preprocessed and used for model training and validation. The same
testing set is used to compare the experimental results.

Table 6. Information of datasets.

Dataset Unbalanced Balanced
Training sample points 48,858 50,000
Testing sample points 10,251 10,251

6.1. Evaluation Metrics

This article uses multiple evaluation metrics to represent the performance of the model,
including accuracy, precision, recall, and F1 score. The calculation formulas are as follows:

Accuracy = TP+ TN )

YT TP+ TN+FP+EN

.. TP
Precision = TP + FP (10)
TP
Recall = TP + FN (11)
Precisi R

Fl— 2 x recision X Recall (12)

Precision + Recall

In the above formulas, TP represents true positive, TN represents true negative, FN
represents false negative, and FP represents false positive. In the multi-class prediction
results in this paper, TP represents the number of correctly classified predicted values, FN
represents the number of other categories incorrectly predicted as a certain category, and FP
represents the number of incorrectly predicted values as a certain category. Now, the data
before and after balancing are used as training sets for experimental comparison, and the
results are presented in the form of a heatmap, as shown in Figure 6.

The heatmap can be seen as a confusion matrix, where the sum of each row represents
the number of true values for a category, and the sum of each column represents the number
of predicted values for each category. Therefore, it can be inferred that the data on the
diagonal of the confusion matrix is TP. According to Figure 6, the evaluation indicators can
be calculated. Based on the binary classification, the average of the multiple classifications
is taken as the overall result, as shown in Table 7.
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Figure 6. Confusion matrix of the model: (a) unbalanced; (b) balanced.
Table 7. Model evaluation on test dataset.
Dataset Precision Recall F1 Accuracy
Unbalance 0.955 0.687 0.799 0.992
Balanced 0.844 0.781 0.812 0.993

From the above results, it can be seen that the model can predict different abnormal
events in the approach phase well. Compared with the prediction model using imbalanced
samples as the training set, the balanced dataset greatly improved in recall rate. The overall
improvement in accuracy and recall rate can be seen from the F1 score, which increased
by 1.3%, and the accuracy also improved. To display as many types of anomalies as
possible in the test set data, multiple routes were selected, with a total of 10,251 sample data.
But the probability of all the above anomalies occurring simultaneously on a single route is
extremely small. We selected the approach phase data of a certain flight as the validation
set, and the results are shown in Table 8. The experimental results indicate that using
balanced data as the training set is effective and stable in improving model performance.

Table 8. Model evaluation on validation dataset.

Dataset Precision Recall F1 Accuracy
Unbalance 0.965 0.663 0.786 0.914
Balanced 0.991 0.812 0.893 0.990

6.2. Results and Analysis
6.2.1. Overall Performance Evaluation

For multidimensional data classification and prediction problems, in addition to the
XGBoost model, the Random Forest [19] and LightBGM [20] models are also tree-based
ensemble learning methods widely used in data mining and machine learning tasks for
prediction and classification problems. This section conducts an overall performance
evaluation of the above methods, using different models to classify abnormal events for
the same data.

The performance comparison is shown in Figure 7. It can be seen that all three models
have an accuracy of over 90%, but their main contribution to accuracy comes from the
fact that the model can almost recognize all normal data, which accounts for a very high
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proportion of the overall data. In terms of precision and recall, the XGBoost model performs
significantly better. At the same time, MAD-XFP outperforms the other three models.

BN LightGBM

W Random_forest
BN XGBoost
B MAD-XFP

0.8 -

0.6

0.2 A

0.0-

Precision Recal | F1_score Accuracy

Figure 7. Overall performance evaluation.

6.2.2. Ablation Study

This section outlines ablation experiments we conducted on the MAD-XFP model to
investigate the impact of different components in the model on overall performance.

First, we disabled the feature engineering provided by OpenFE and parameter selec-
tion via Optuna to test the impact of temporal features and model hyperparameters on
model performance. Then, the entire feature extraction and parameter optimization parts
were completely removed, and the entire model was reduced to the most basic XGBoost
model, in order to verify the necessity of the feature extraction part of the data in the entire
model. The experimental results are shown in Table 9.

Table 9. Result of ablation study.

Metrics
Model
Precision Recall F1 Accuracy
MAD-XFP 0.999 0.939 0.968 0.998
w /o OpenFE 0.963 0.763 0.851 0.994
w/o Optuna 0.868 0.939 0.902 0.997
w /0 OpenFE and Optuna 0.844 0.781 0.812 0.993

The results indicate that removing different components from the model has a negative
impact on the overall performance. Especially after disabling feature engineering via
OpenFE, compared to the MAD-XFP model, the values of various evaluation indicators
significantly decreased, with the F1 score decreasing by 11.7%. This indicates that data
features have a significant impact on the prediction results.

6.2.3. Sensitivity Analysis

This section conducted sensitivity analysis experiments on the MAD-XFP model.
To test the impact of data noise on model performance, Gaussian noise can be added to
the eigenvalues to simulate common random noise behaviors and see how they affect
the model’s performance, in order to examine the robustness of the proposed model.
The experimental results are shown in Figure 8.
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Figure 8. Results of sensitivity analysis.

The impact of noise on the MAD-XFP model performance can be visually observed
through Figure 8. The model can maintain stable performance even at high noise levels,
with an accuracy of around 85%, proving its good robustness.

6.3. Automated Causal Analysis for Anomaly Event

The interpretability of machine learning refers to the degree to which humans can
understand the relevant reasons for decision-making. The higher the interpretability of
machine learning models, the easier it is for people to understand why certain decisions or
predictions are made. In the interpretability research of machine learning models, Shapley
Additive exPlans (SHAP (https://shap.readthedocs.io/en/latest/, (accessed on 13 October
2024))) can explain both global and local aspects and provides many excellent visualization
methods that are increasingly favored by scholars [21]. The basic idea is to quantify the
marginal contribution of each feature added to the model, take its mean, and record it as
the contribution value of that feature to the model prediction.

Figure 9a is a global explanatory chart of the model presented in this paper. From
the figure, it can be seen that the top parameters contributing to the output results of the
model include radio altitude (RALTC), decline rate (IV'V), ILS glide slope (GLIDE_DVC),
difference between air speed and approach speed target (IAS — VAPP), air speed (IAS), and
so on. The result proves that all other parameters with high contribution are monitoring
parameters for abnormal events, which is consistent with the facts and shows that the
model is reliable.

In this paper, we equate the contribution of features to the local prediction of the
model with the contribution of feature values to causing the abnormal event. Specifically,
Figure 9b is a SHAP interpretation chart of the abnormal event with the Large Decline
Rate (2000 ft~1000 ft). As expected, the top ranked features are related to the monitoring
parameters IVV and the monitoring point radio altitude RALTC of the Large-Decline-Rate
(2000 ft~1000 ft) event. So, we removed these two features and their combinations from
the SHAP interpretation chart, and the results are shown.

It can be seen that the features that contribute more to the abnormal event include
flight path angle (FPA), low altitude speed ratio of engine 1 (N11), fuel mass flow rate of
engine 1 (FF1), etc. These parameters belong to pilot operation parameters or flight state
parameters, which are human factors. Based on this, we can preliminarily determine that
the abnormal event was caused by human factors.
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Figure 9. SHAP Interpretation Chart. (a) SHAP interpretation chart of MAD-XFP; (b) SHAP interpre-
tation chart of anomaly label 1 (removed IVV, RALTC, and their combinations).
6.4. Case Study
To verify whether the proposed model can be truly applied in reality, we conducted
practical experiments on other flight data.
Figure 10 shows an example of anomaly detection and causal analysis. According to
Figure 10a, it can be seen that there has been an ILS glide slope deviation on this flight route
and the red markers in the figure indicate the outliers. Further analysis of the abnormal
situation was performed and the results are shown in Figure 10b.
The radio altitude of fight. Characteristic contribution degree of ILS glide slope deviation
F 2500
——— RALTC 0.200
r 2000
0.175 4
- 1500
0. 150
r 1000
t 500 0.125
0 0.100 A
ILS glide slope deviation
0.075
—— GLIDE_DEVC [
0.050
ro
L 0.025 4
r—2 0.000 -
' ¢ 5 ? s g S 53 <
, , ; : . : IS e £ S
o 50 100 150 200 250 300 350 & <2
timestamp (s)
(@) (b)

Figure 10. Example of anomaly detection and causal analysis. (a) high speed during approach phase;
(b) causal analysis of high speed during approach.

Specifically, it shows the feature contribution ranking of the abnormal event of ILS
glide slope deviation during this flight. The parameters with the highest contribution ranking
(excluding the radio altitude of the monitoring point and the monitoring parameters of
each abnormal event) include ILS Heading (LOC_DEVC), difference between air speed
and approach speed target (IAS — VAPP), rudder position (RUDD), and so on. These
parameters are all flight state parameters and monitoring parameters of FOQA in Table 2,
formed by pilot operations. Therefore, we preliminarily conclude that the abnormal event
of this flight was caused by human factors.

Figure 11 shows the detection results of multi-type anomalies. According to the figure,
the red markers indicate outliers. The method in this paper detected multi-type abnormal
events during the approach phase of this flight—namely, ILS Heading Deviation, Large
Decline Rate (500 ft~50 ft), and ILS Gilde Slope Deviation.
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Figure 11. Multi-type anomaly detection.

Figure 12a—c are feature contribution ranking diagrams of the abnormal events that
occurred during the flight of the aircraft shown in Figure 11. Similar to the above anal-
ysis method, parameters more related to the ILS Heading Deviation include ILS glide
slope (GLIDE_DEVC), gross weight of aircraft (GW), geographic location information
(LONPC/LATPC), and speed of low-pressure turbine (N11). In addition to the parame-
ters mentioned above, the parameters more related to Large Decline Rate (500 ft~50 ft)
include flight path angle (FPA), interaction information between flight parameters and
flight status (N11/VB11), ground speed (GSC), and so on. The parameters more related to
the ILS Gilde Slope Deviation include wind speed (WIN_SPD). Based on the analysis of the
above characteristics, the abnormality that occurred during this flight was the result of the
combined effects of human factors and environmental factors.

Characteristic contribution degree of ILS heading deviation Characteristic contribution degree of Large decline rate (500ft-50t) Characterstic contribution degree of ILS glide slope deviation

(b) ()

Figure 12. Features ranking for detected anomaly events. (a) ILS Heading Deviation; (b) Large
Decline Rate; (c) ILS Glide Slope Deviation.

7. Conclusions

In this paper, we mainly studied the problem of flight anomaly detection and causal
analysis during the approach phase of civil aviation aircraft, and proposed an optimization
method based on the XGBoost algorithm. A large amount of experimental data show that
the method proposed in this paper can effectively detect abnormal events during the aircraft
approach phase, making up for the shortcomings of traditional over-limit detection, which
cannot simultaneously detect abnormal events coupled with multiple events. In addition,
experts have only conducted scientific research on accident data, but our method can
detect relatively small anomalies in daily flight processes. Through factor analysis, we
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can clarify the source of anomalies and provide warnings for human factors involved in
abnormal events. Frequent occurrences of the same abnormal event on the same model
should be noted.

Considering that there are still a large number of unused features in QAR data, there
is still room for improvement in constructing new composite features. In addition, there is
a risk of overfitting when using the Borderline SMOTE algorithm for data balancing. Other
balancing techniques should be considered.

Therefore, in future research, we will further explore abnormal events during other
aircraft flight phases, such as the takeoff phase, landing phase, etc. We will further expand
the feature usage of QAR data and explore the spatiotemporal information behind a large
number of parameters in different flight stages, making the model more universal. In terms
of data preprocessing, we will discuss the applicability of balanced weighted extreme
learning machine for imbalance learning and a novel parallel-series data-driven model for
IATA-coded flight delay prediction and features analysis, as well as QAR data balancing.
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