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Abstract: Flight maneuver recognition (FMR) is a critical tool for capturing essential information
about the state of an aircraft, which is necessary to improve pilot training, flight safety, and au-
tonomous air combat. However, due to the alignment of multidimensional, multimodal time series
and insufficient data, challenges exist that limit the accuracy of FMR. In this paper, two FMR methods,
including an improved dynamic time-warping distance-based algorithm (D-DTW) and a percep-
tually important point-based method, are proposed based on time series mining techniques. The
differential dynamics equations of the aircraft’s center of gravity in the trajectory coordinate system
are established. Subsequently, based on the obtained flight data, the engine thrust is derived by
employing criteria based on flight mechanics and coordinate system transformation methods. Finally,
the flight profile is clustered and divided based on the preprocessed data. The engine load factor is
obtained through centroid transformation and coordinate system translation based on flight dynamics
calculations. The results indicate that the two methods exhibit varying applicability with respect to
FMR. However, the second method is more suitable regarding the recognition or prediction of engine
thrust and load factor.

Keywords: flight maneuver recognition (FMR); improved dynamic time warping (DTW) algorithm;
maneuvers classification; hierarchical clustering; aero-engine load factor prediction

1. Introduction

In recent years, developed flight data recorders have been used to capture and store rel-
evant data on flight maneuvers, including flight altitude, speed, attitude, and acceleration,
as well as control inputs and responses. To utilize the considerable data to identify unusual
flight behaviors, assess aircraft loads and risks, improve training methods, and enhance the
safety of flight operations, Flight Maneuver Recognition (FMR)—a standard established by
the Federal Aviation Administration (FAA) [1]—has been widely employed. The amount of
FMR data is increasing for the flight action assessment [2], risk assessment [3], research on
aircraft load spectra [4], and engine load spectra [5,6]. Nonetheless, the substantial volume
of flight data presents the challenges in conducting FMR accurately and efficiently [7,8].

The key technique in maneuver recognition lies in extracting features from a large
amount of data to match corresponding maneuver actions [9,10]. For example, Ni et al. and
Wang et al. [11,12] constructed a flight action recognition library, which draws upon the
experience and knowledge system of aircraft designers to identify flight maneuver actions.
Sharif et al. [13] introduced a modification to dynamic time warping (DTW) known as
context-based DTW (CDTW), capable of evaluating the multidimensional weighted simi-
larities between trajectories. Meng et al. [14] used a Bayesian network model constructed
from statistical feature curves of flight parameter data to recognize complex maneuvering
actions. Lu et al. [15] recognized and classified the normal load factor data based on the
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flight parameter data, combined with the new method to cluster flight parameter data
segments to obtain multiple types of aircraft maneuvering actions.

To reduce the complexity of the FMR, the clustering approach, such as the fuzzy
clustering [16], approximate entropy [17], K-means [18], neural networks [19], and deep
learning [7], is combined to classify the similar section by recognizing the main characteris-
tics of the different maneuvers. However, the physical meaning of the flight parameter data
is lost when describing it through the dimensionality reduction [20]. Due to the expanding
variety of aircraft types, the growing number of flight task profiles, and the increased com-
plexity of flight actions, a more suitable method for classifying flight parameter data into
various maneuvering actions with physical significance is essential, especially when the
manual classification is costly, less standardized, and time-consuming. Wei et al. reported
an unsupervised clustering method, which can solve uncertain maneuver segmentation
with more detailed maneuver units [21]. Barratt et al. proposed an unsupervised clustering
algorithm based on a trajectory model that is capable of discovering the departure and
arrival procedures for an airport [22]. Another challenge in clustering is that the time
sequences are of different lengths due to a different sampling frequency. Li et al. used the
density-based spatial clustering of applications with noise (DBSCAN) algorithm to classify
the time-aligned trajectories for the FMR [23]. Hong & Lee dealt with the varying length
issue by clustering with the DTW to find traffic patterns [24]. These studies inspired us to
combine DTW and DBSCAN to enhance the efficiency of FMR.

The above literature has achieved the clustering and recognition of flight maneuvers
through various methods, though the summarized standard maneuvering action templates
are studied insufficiently. It often requires a large amount of flight data and enough
experience from experts to recognize and classify the maneuver segments and categories
for a specific type of aircraft each time [15]. Although other methods do not require
manual judgment, they need standard action templates to compare and analyze flight
data values [17]. Additionally, different pilots may have some operational errors when
performing the same action, resulting in errors in the numerical range compared to the
standard template and difficulty in cluster recognition [25].

In this paper, based on the data characteristics of a certain flight test data, two novel
clustering methods of maneuver recognition are proposed based on the DTW distance-
based algorithm and important points in the time series mining technology. According
to the basic knowledge of flight mechanics and the transformation relationship between
aircraft coordinate systems, the differential dynamics equation of the aircraft’s center of
gravity in the trajectory coordinate system is established. Taking a given flight data model
as an example, the calculation process of engine thrust and load factor is proposed. The
thrust and load factors under different maneuvering states are calculated. Finally, based on
the preprocessed data and criteria, the flight profile is clustered and recognized, and the
altitude, engine thrust, normal load factor, and tangential load factor of a typical profile are
estimated. The standard workflow, including the method (marked in red) used in this paper,
can be summarized as follows in Figure 1: (1) Acquiring fundamental flight parameter
data from the Flight Data Recorder (FDR). (2) Preprocessing of the flight parameter data,
including noise reduction and missing data imputation. (3) Identification of features within
the flight parameter data. (4) Training machine learning models utilizing classification,
clustering, and DTW techniques, incorporating novel approaches proposed in this paper.
(5) Prediction and analysis of maneuvers. (6) Compute the engine load factor for the given
flight mission.

The structure of this paper is organized as follows: Section 2 introduces the clustering
and maneuver recognition methods involved in steps 3 and 4 of the workflow. In Section 3,
the two proposed methods are employed to identify and categorize maneuvering actions
of a specific aircraft based on acquired flight parameter data, completing the tasks outlined
in step 5 of the workflow. Finally, Section 4 encompasses the prediction of thrust and load
factors for the aircraft’s engine. In the Supplementary Materials, the current time series
methods are validated and compared mathematically.
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Figure 1. Flow chart of engine thrust and load factor prediction method in this paper (The red item is
the method applied in this paper).

2. Real-Time Flight Maneuver Recognition (FMR) Method

Flight data is a typical high-dimensional, massive, and complex time series. Accord-
ingly, two methods are proposed in this paper: a DTW distance-based algorithm and time
series important point-based method for maneuver segmentation.

2.1. PLR–PIP Algorithm

First, the basic PLR–PIP algorithm is reviewed. Generally, the perceptually important
point (PIP) in the time series is the point with the greatest distance value. Three distance
measurements are commonly used: perpendicular distance (PD), vertical distance (VD),
and Euclidean distance (ED) [26]. Figure 2 shows the three distances for a point in a certain
sequence. For all three distances, the number of calculations required is the same. The
graphs fitted by PD and VD are the same, but the value calculated using VD distance is the
smallest. Therefore, this paper uses VD distance as the measurement value when analyzing
flight parameters.

ED = ED1 + ED2 =

√
(xs − x1)

2 + (ys − y1)
2 +

√
(xs − x2)

2 + (ys − y2)
2 (1)
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− ys

∣∣∣∣ (2)
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Figure 2. Three methods to calculate distance: Perpendicular distance (PD), Vertical distance (VD),
and Euclidean distance (ED).

Based on piecewise linear representation (PLR), a PLR–PIP method with a time series
was proposed. The time series was represented by X = (x1, x1, . . ., xn) and the important
series set the important points (IPs). The first point of the sequence is added to the set
IPs. Then, each pair of adjacent points is taken as a sub-sequence and the PIP points are
calculated and added to the set IPs. Adjacent PIP points form a new sub-sequence, which
is linearly interpolated, and the root mean square error (RMSE) is calculated with respect
to the original sequence. Sequences are extracted with RMSE values that do not meet the
fitting error threshold condition. These steps are repeated until all sequences meet the
threshold requirements ∆PIP. The algorithm flow is shown in Figure 3. According to this
description of the improved strategies, PLR–PIP is given in Algorithm 1.

Algorithm 1 PLP-PIP

Input: Row data, normal overload value sequence, threshold ∆PIP
1: xb = dataMap.get(Pb); //get the value of begin point
2: xe = dataMap.get(Pe); //get the value of begin point
3: dist = 0; // Initial piecewise fitting error
4: for i = 1→n do
5: xi; = dataMap.get(i); //get the value of point i
6: distsin[i] = cal(xb, Pb, xe, Pe, xi, Pi); //calculate the piecewise fitting error
7: if distsin > ∆PIP then //If the piecewise fitting error ≥ ∆PIP
8: continue //Add Perceptually Important Point
9: else
10: return (Pb, P1, P2, . . ., Pi, Pe); //get PIP set
11: end if
12: end for//Select the maneuver Sequences between PIP

Taking the altitude data of a certain flight as an example, the PLR–PIP calculation
is performed with a fitting error threshold set to ∆PIP = 0.0001. The calculation process
is demonstrated in Figure 4, where the dashed line represents the original sequence, the
red dots represent PIP points, and the straight line represents the shape described using
PIP. As the number of PIP increases, ∆PIP gradually decreases, and the data compression
efficiency decreases as well. Therefore, the threshold ∆PIP needs to be set according to the
actual situation.

2.2. Algorithm 2—Proposed DTW Distance-Based Algorithm

The flight maneuvers are connected through level flight, which has a relatively stable
load factor of around 1 and stable parameters (roll angle, pitch angle, and altitude). There-
fore, maneuvers can be divided based on the normal load factor of 1. Inspired by this, we
propose a maneuver recognition method, called DTW distance-based algorithm (Table 1),
with the following steps shown in Figure 5.
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Table 1. DTW distance-based algorithm.

Step 1. Use the PLR–PIP method to identify important points in the normal load factor
sequence and use them to describe the sequence.

Step 2. Based on the characteristic that maneuvering actions cause changes in the normal
load factor, divide all non-level flight segments.

Step 3.
Select several parameters, such as normal load factor, altitude, pitch angle, roll angle,
and heading angle. Use DTW to measure the similarity among segments and use an
improved hierarchical clustering algorithm to cluster them.
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Two key steps, including the sequence description and improved hierarchical cluster-
ing algorithm, are described in detail.

2.2.1. Method and Principle by Sequence Re-Description

Since the normal load factor of an aircraft is approximately 1 during level flight, the
starting and ending points of a maneuver can be identified by finding the segments with
slight variations in the normal load factor and a mean value near 1. The trend is determined
using the following rules. The actual gradient RPIP between two adjacent points (the
ratio of the normal load factor difference between two points to the distance between two
sample points) and the average normal load factor ny between two points are calculated
in sequence. The threshold values of the slope and the average normal load factor are set
as ∆RPIP and ∆ny, respectively. When the |RPIP| < ∆RPIP and ny < ∆ny, the segment
between these two points is defined as a level flight maneuver. The results are shown in
Figure 6, where the red curve represents the identified maneuver segments, and the black
segments represent the level flight segments.
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2.2.2. Improved Hierarchical Clustering Algorithm

If the similarity distance calculation is directly performed on various flight parameters
of each segment, the difference in distance values calculated by different flight parameters
will be significant. This will result in some parameters having a smaller impact weight on
the similarity distance value of the segment. Therefore, before calculating the similarity
distance, the flight parameters of each segment must be normalized. When calculating
the similarity distances, the traditional DTW method has high computational complexity.
The FastDTW method proposed in reference [10] greatly speeds up the calculation by
constraining the space path at different levels. In this paper, the FastDTW library in
Python is used to calculate the similarity distance values between different segments. The
formula for calculating the similarity distance between two maneuver segments is shown
in Equation (4), where a smaller value indicates a higher degree of similarity between the
maneuver segments:

D(A, B) =
5

∑
i=1

D f ast(Ai, Bi) (4)

where A is a parameter sequence of the maneuver segment and i is the ith flight parameter.
Similarity distance values can be calculated between both maneuver segments, thus

a symmetric distance matrix with diagonal elements set to zero can be constructed to
represent the differences between the segments. Let the sequence of all maneuver segments
extracted from a certain takeoff and landing be denoted as A = {A1, A2, · · · , An−1, An};
the similarity distance matrix is

Dall =



0 D(A1, A2) · · · D(A1, Aj) · · · D(A1, An)

0 · · · D(A2, Aj) · · ·
...

. . . · · · D(Ar, An)
. . . · · ·

...
0 D(An−1, An)

0


(5)
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The hierarchical clustering analysis is performed for the similarity distance matrix
due to its high precision and strong generality. However, after merging two classes each
time, the hierarchical clustering algorithm must recalculate the distance matrix between
classes, which burdens the computation when the number of classes is large. Therefore, an
improved hierarchical clustering algorithm is proposed in this paper, and the algorithm
process is shown in Figure 7.
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2.2.3. Results of DTW Distance-Based Algorithm

Taking complete takeoff and landing data with 36,050 sampling points as an example,
flight data, including normal load factor, altitude, pitch angle, roll angle, and heading angle
curves, are shown in Figure 8; the horizontal axis represents the sampling point number.
The data is inputted into the maneuver classification algorithm; its settings are shown in
Table 2.

Table 2. Parameter settings of the algorithm.

Algorithm Parameter Setting

Fitting error threshold ∆PIP 0.1
Overload slope threshold ∆RPIP 0.012
Average overload threshold ∆ny 1.3

IC threshold ∆IC 0.3
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Due to the sensitivity of the foundational flight parameter data, normalization procedures
are applied to the raw data using the following formula: DNorm = (D− Dmin)/(Dmax− Dmin).
The MFR results based on the proposed DTW distance-based algorithm are shown in Figure 8;
the straight flight segments formed during the middle partition process are defined as one
class (i.e., class 10) without hierarchical clustering. Finally, 9 classes of maneuvers are formed,
with a total of 22 maneuver segments. It can be seen that within a maneuver class, the trend
and magnitude of the flight parameter data for each maneuver segment are similar, while
significant differences exist between different maneuver classes.

To provide a more intuitive means of contrasting the differences among various maneu-
vers, an aircraft’s motion trajectory equations were established in a ground coordinate system.
By examining the types of parameters contained in the measured data, it was determined
that the aircraft’s trajectory could be recreated using the flight speed (v), track angle (Ψa), and
altitude (H). The positional expression for any point on the trajectory is as follows:

dx
dt = v cos ψa
dy
dt = v sin ψa

z = H
(6)

Reproducing the trajectories for maneuver classes 1–9 based on the trajectory equations
yields the results in Figure 9, the red dots represent turning points in maneuvers.

According to the above description of the improved strategies, the proposed DTW
distance-based algorithm is given in Algorithm 2.

2.3. Algorithm 3—Proposed Sequence Important Point-Based Method
2.3.1. Method and Principle of Sequence Important Point

In flight dynamics, aircraft maneuvers are classified into three categories: vertical
plane maneuvers, horizontal plane maneuvers, and spatial maneuvers. This paper proposes
a maneuver classification algorithm based on the time series of significant points, using the
trend states of trajectories projected onto the horizontal and vertical planes. The specific
steps are as follows:

Step 1. Divide the flight parameters into multiple segment sequences with fixed
lengths, and the trajectory of each sequence is projected onto the horizontal plane.

Step 2. Using certain merging rules, the PLR–PIP algorithm is used to segment the
trajectory projection, identify the sequence trend, and merge adjacent trend sequences with
the same state.
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Step 3. Project the merged trend sequences onto the vertical plane; the PLR–PIP
algorithm is used to segment the trajectory projection, identify the sequence trend, and
subdivide the trend sequences by subdivision rules.

Step 4. Superimpose the trend states of the two plane projections to obtain the basic
aircraft maneuvers, shown in Figure 10.

Algorithm 2 Proposed DTW distance-based algorithm

Input: Row data, normal overload value sequence, threshold ∆PIP
1: xb = dataMap.get(Pb); //get the value of begin point
2: xe = dataMap.get(Pe); //get the value of begin point
3: dist = 0; // Initial piecewise fitting error
4: for i = 1→n do
5: xi; = dataMap.get(i); //get the value of point i
6: distsin[i] = cal(xb, Pb, xe, Pe, xi, Pi); //calculate the piecewise fitting error
7: if distsin > ∆PIP then //If the piecewise fitting error ≥ ∆PIP
8: continue //Add Perceptually Important Point
9: else
10: return (Pb, P1, P2, . . ., Pi, Pe); //get PIP set
11: end if
12: end for//Select the maneuver Sequences between PIP
13: r0,0 = 0; ri,0 = r0,j = ∞; i ∈ [n], j ∈ [m]
14: for j = 1, 2, . . ., m do //Sequence 1
15: for i = 1, 2, . . ., n do //Sequence 2
16: ri,j = δ(xi, yi) + min {ri−1,j−1, ri−1,j, ri,j−1} //Calculate Sequence similarity
17: Hierarchical clustering
18: end for
19: end for
Output: Mancuver
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According to this description of the improved strategies, the proposed sequence
important point-based method is provided in Algorithm 3. The trend recognition and
subdivision/merge rules are important and described in the following section.

Algorithm 3 Proposed Perceptually important point-based method

Input: Row data, n, dPIP, kPIP
1: Divide the raw data into sequences of length n
2: Perform PLR-PIP segmentation on the horizontal projection of the sequences
3: for i = 1→m do
4: d = |(y1 + (y2 − y1)[(xi − x1)/(x2 − x1)] − yi)|; //get the value of VD
5: D = (d1, d2, . . ., dm)//get the distance set
6: if di ≤ dPIP then
7: Straight sequence
8: else
9: Bending sequence
10: end if
11: end for
12: Perform PLR-PIP segmentation on the vertical projection of the sequences
13: for j = 1→ ω do
14: Calculate the slope of adjacent, PIP points
15: D = (k1, k2, . . ., kω)//get the slopes set
16: if kj ≤ −kPIP then
17: Descend sequence
18: else if −kPIP < kj < kPIP then
19: Level sequence
20: else
21: Ascend sequence
22: end if
23: end for
24: Combine into maneuver
Output: Maneuver
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2.3.2. Trend Recognition and Subdivision/Merge Rules

Regarding the projection onto the horizontal plane, the focus is on changes in the
flight direction, which can be described using straight or curved lines with the trajectory
coordinates. Meanwhile, for the vertical plane, the focus should be on the changes in
altitude, which can be described using horizontal, upward, and downward directions.

(1) Recognition rules for vertical projection. Two methods are used for projection
onto the vertical plane: using the transformation or the altitude time series. Taking the
somersault maneuver height trajectory of a certain flight as an example, the difference
between the two projection methods is compared in Figure 11; the black curve represents
the maneuver trajectory, the arrow indicates the direction of flight and the red dots represent
the start and end points of the somersault and the segmentation points of the upward and
downward sections. Both methods describe the altitude trend of the maneuver, but under
the transformation projection, the upward and downward sections of the somersault show
a positive upward trend, which can lead to confusion in trend recognition. In contrast, the
upward and downward sections of the somersault align exactly with those of the projection
when using the time series of altitude for projection. Therefore, using the altitude time
series for projection is more reasonable.
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(2) Recognition rules for horizontal projection. First the original flight parameter data
sequence is divided into multiple segments of equal length n. Let a sequence contain n
sequence points, and denote the horizontal coordinate of the trajectory of the sequence in a
new spatial coordinate X = (x1, x2, . . ., xn), Y = (y1, y2, . . ., yn), and Z = (z1, z2, . . ., zn). On
the projection of the sequence onto the horizontal plane, PLR–PIP is performed to obtain a
set of sub-sequence segments (PLR1 and IPs1 sets) where the PIP point sequence is denoted
by the x-coordinate a = (a1, a2, · · · , am) and y-coordinate b = (b1, b2, · · · , bm). Another PIP
point is selected from each sub-sequence segment, and the VD distance of the individual
sub-sequence is calculated, with the distance set denoted as D = (d1, d2, · · · , dm−1). A
distance threshold is defined as dPIP, where a sub-sequence is classified as a straight
primitive if di ≤ dPIP, and as a curved primitive if di > dPIP. Upon projecting the sequence
onto the height coordinate system, PLR–PIP segmentation is performed to obtain a set of
sub-sequence segments. Note k = (k1, k2, · · · , kw−1) as the gradient set between each PIP
and kPIP as a gradient threshold. When ki ≤ −kPIP, the interval is marked as a descent
element; when −kPIP < ki < kPIP, the interval is marked as a horizontal element; when
kPIP ≤ ki, the interval is marked as an ascent element.

(3) Segments merge. When defining the initial value of n, a basic maneuver segment
may be divided into multiple adjacent trend sequences, which must be merged into one
trend sequence. However, the merged sequence may have a change in overall trend;
for example, two straight-line primitives may merge into a curved primitive. Therefore,
after merging, the trend fitting of the sequence must be re-recognized. This process of
repeating sequence state recognition and merging continues until there are no adjacent
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trend sequences and the trend sequence merging is completed. As shown in Figure 12,
fifteen straight-line primitives are merged into one curved primitive sequence.
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When projecting horizontal trend sequences onto the vertical plane for trend recogni-
tion, there may be multiple segments within a single sequence, such as an upward segment
followed by a horizontal segment. In this case, PIP points are used to examine the trend of
the sequence, and if the trend is inconsistent, the sequence is subdivided at the point of
trend change using PIP points to form separate segments, and the trend of each segment
is recalculated. As shown in Figure 13, a sequence is subdivided into four sequences:
downward, horizontal, upward, and horizontal.
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2.3.3. Results of Sequence Important Point-Based Method

Taking complete takeoff and landing data as an example, the trajectory is projected
onto the horizontal plane. The trajectory data is divided into multiple sequences of length
n = 24, and dpip = 5 and ∆pip = 0.001. The resulting partition of the aircraft flight trajectory
on the horizontal plane can be obtained, as shown in Figure 14.

Eighty-six horizontal trend segments are projected onto the vertical plane, and trend
recognition is performed. Using ∆PIP = 0.01, the PIP points of the vertical trend sequence are
extracted, and the slope between each PIP point is calculated. The rules for superimposing



Aerospace 2023, 10, 961 14 of 25

states are shown in Table 3. This paper utilizes criteria based on the changes in flight
parameters, such as velocity, height, pitch angle, and roll angle. For detailed division
criteria, refer to Table 4. Finally, 14 classes of refined maneuver states are formed. The
results of the simple maneuvers and task segment division are shown in Figure 15, where
the altitude data have been normalized.
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Table 3. Rules for superimposing states.

Horizontal Projection Vertical Projection Trend Superimposing Motion

Flat and straight Level Level
Flat and straight Rise Climb
Flat and straight Lower Descend

Curvature movement Level Turn
Curvature movement Rise Turn and ascend
Curvature movement Lower Turn and descend

Table 4. State subdivision criteria.

Maneuver Speed Heading Angle Roll Angle Superimposing Motion

Level Maintain Maintain Maintain Uniform level
Level Increase Maintain Maintain Accelerated level
Level Reduce Maintain Maintain Decelerated level
Level Maintain/Increase/Reduce Maintain Increase/Reduce level roll
Climb Maintain/Increase Maintain Maintain climb
Climb Reduce Maintain Maintain zoom

Descend Maintain/Reduce Maintain Maintain descend
Descend Increase Maintain Maintain dive
Descend Maintain/Increase/Reduce Increase/Reduce Reduce Level left turn
Descend Maintain/Increase/Reduce Increase/Reduce Increase Level right turn

Turn and ascend Maintain/Increase/Reduce Increase/Reduce Reduce Climbing left Turn
Turn and ascend Maintain/Increase/Reduce Increase/Reduce Increase Climbing right Turn

Turn and descend Maintain/Increase/Reduce Increase/Reduce Reduce Descent left turn
Turn and descend Maintain/Increase/Reduce Increase/Reduce Increase Descent right turn
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3. Comparison of the Two Proposed Maneuver Classification Algorithms

By comparing the classification concept and results of the two algorithms, the follow-
ing three differences were obtained:

(1) Acquisition of maneuver segments

Algorithm 2 acquires maneuver segments by analyzing the feedback of flight param-
eter data during intense aircraft maneuvering and obtaining corresponding maneuver
segments based on the highlighted segments of the normal load factor. This method can
obtain most action segments during intense maneuvering. However, for some moments
when the aircraft performs smooth maneuvering with small changes in flight parameter
data, Algorithm 2 may not accurately extract the maneuver segments, resulting in recog-
nition errors. For example, between sampling points 5820 and 8250, when the aircraft is
performing a slow climb, Algorithm 2 fails to identify it as a maneuver segment and instead
categorizes it as a level flight segment. Algorithm 3 segments the trajectory by trend recog-
nition of the horizontal and vertical projections with a fixed step length and identifies the
trend change points to ultimately obtain maneuver segments. In the segmentation process,
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no data segments are skipped or discarded, so there is no situation where a segment is
not recognized.

(2) Hierarchical maneuver segments

The maneuver segments extracted by Algorithm 2 are continuous and correspond to
intense changes in the normal load factor or high average normal load factors. Algorithm 2
can accurately recognize and segment complex combination maneuvers, such as a half-
roll and a somersault. It can also recognize specific unnamed maneuvers. For example,
Algorithm 2 segments the maneuver between sampling points 20,380 and 21,360 as a
complete maneuver segment (maneuver class 4), which is identified through manual recog-
nition as a combination of climbing, right turn climbing, right turn descent, dive, left turn
climbing, and climbing tactical maneuvers. Algorithm 3 identifies basic maneuver actions
based on the horizontal and vertical projection trend, and complex combination maneuvers
require additional merge rules to be recognized. For example, Algorithm 3 segments the
maneuver between sampling points 20,050 and 21,518 into six maneuver actions: climb
(21,260–21,555), right turn ascent (21,556–21,749), right turn descent (21,750–21,855), dive
(21,856–22,070), left turn ascent (22,071–22,316), and climb (22,317–22,660). In Figure 16, the
left side shows the 3D display of the trajectory, the upper right corner shows the vertical
projection of the trajectory, and the lower right corner shows the horizontal projection of
the trajectory.
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Both algorithms effectively identify the actions in this interval, but their emphasis
on segmentation hierarchy differs. The results of Algorithm 2 are a combination of the
results of Algorithm 3, and similar combination maneuvers can be classified into one class
without the need for additional rules. Algorithm 3 provides a deeper and more detailed
segmentation of the maneuver segments identified by Algorithm 2. The four sampling
point intervals corresponding to the maneuver class 4 identified by Algorithm 2 are also
reflected in the results of Algorithm 3. Additionally, Algorithm 3 considers the differences
in turning direction between the maneuver actions of maneuver class 4.

(3) Normalization of maneuver segments

After Algorithm 2 forms the maneuver classes, an issue arises with providing stan-
dardized descriptions, as it remains unclear which specific actions each maneuver class
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represents. Manual recognition is often required for complex combination actions, such
as maneuver class 4, but Algorithm 2 greatly reduces the workload of manual recognition
and the disadvantages of obtaining standard action templates. After Algorithm 3 forms
the maneuver segments, the segment is the basic action type. Although criteria must be
manually added to obtain complex combination maneuvers, this paper focuses on the load
history of the engine under different states. Therefore, the engine’s state division should
be as detailed as possible, and the kinematic equation of the engine’s center of mass is
calculated in a small time segment. As such, the fewer changes in the maneuver state
during the divided small-time segment, the better. As a result, there is no need to add
overly complex action merging rules. According to the state subdivision criteria proposed
in Table 4, it is sufficient to standardize the description of most flight states. Considering
these factors, Algorithm 3 is used for maneuver action division in the subsequent analysis
of this paper.

Algorithm 2 allows fine-tuning by adjusting parameters to alter clustering outcomes.
However, as pilot training shifts from “routine” to more “combat-like” scenarios with
unpredictable maneuvers, clustering becomes prone to misjudgment, leading to arbitrary
results, such as incomplete or mixed maneuvers. In contrast, Algorithm 3 offers better
recognition accuracy, while Algorithm 2 is operationally complex and more costly.

4. Prediction of Engine Thrust and Load Factor
4.1. Flight Load Calculation of Aircraft Engine

Drawing upon the principles of finite element analysis, this method involves a sys-
tematic extraction of incremental trajectory segments within the provided comprehensive
flight segment. Subsequently, these diminutive trajectory segments are the focal point for
the meticulous computation of aircraft engine flight loads. The procedural framework is
delineated as follows:

Step 1 Aircraft Model Specification:
Initial proceedings necessitate the determination of essential design parameters for the

aircraft model, encompassing attributes such as the empty weight, the relationship between
lift coefficient and angle of attack, zero-lift drag coefficient, lift-induced drag factor, wing
area, engine installation angle, and analogous specifications. Employing the least squares
method principle, a fitted curve function, predicated on the aircraft’s polar curve and
informed by design parameters, is deduced. This mathematical representation facilitates
the derivation of lift and drag coefficients across a spectrum of variables, including angle of
attack, Mach number, and altitude.

Step 2 Acquisition of Trajectory Data:
Subsequently, requisite data for the computation of aircraft engine flight loads are

acquired from measured flight parameters. These encompass fuel weight, airspeed, pitch
angle, roll angle, angle of attack, flight path angle, sideslip angle, and other pertinent vari-
ables. Retrieval of pertinent flight parameter data is limited to defined temporal intervals.

Step 3 Calculation of Aircraft Drag:
The flight parameter data forms the basis for calculating the aircraft’s lift-to-drag ratio.

The computed value is subsequently utilized in Equation (7) to determine the aircraft’s
drag within the confines of the current incremental segment.

Qi = CX
1
2

ρv2S = (CX0 + AC2
Yi
+ ∆CXh)

ρivi
2

2
S (7)

where Qi represents the current minute segment of drag, ρv2/2 is dynamic pressure,
S represents the wing area, CX is the aircraft’s drag coefficient, CX0 is the zero-lift drag
coefficient, A is the lift-induced drag factor, ∆CXh is the drag coefficient’s altitude correction
value, and CYi is the lift coefficient for the current minute segment.

Step 4 Calculate engine thrust
We ascertain the requisite thrust for the aircraft by employing the differential equations

governing the aircraft’s center of mass dynamics in the context of the trajectory coordi-
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nate system with the contemporaneous flight parameter data. Subsequently, the actual
thrust delivered by the engines is determined in accordance with the thrust efficiency
conversion ratio.

Pi =
mi

dvi
dt + Qi + mig sin θi

cos(αi + ϕp) cos βi
, Ri =

Pi
η

(8)

where Pi represents the available thrust for the current minor segment of the aircraft,
mi is the mass of the aircraft in the current minor segment; vi is the flight vector velocity for
the current minor segment of the aircraft; Ri is the engine thrust; η is the thrust efficiency
conversion ratio; ϕp is the angle between the engine thrust vector and the aircraft’s axis Oxb
at specific times; αi is the angle between the projection of airflow axis Oxa on the aircraft’s
symmetry plane and the body axis Oxb; βi is the angle between the airflow axis Oxa and the
aircraft’s symmetry plane; θi is the angle between the trajectory axis Oxk and the horizontal
plane that is positive upwards relative to the terrain.

The ground coordinate system is a fixed system attached to the Earth’s surface. The
origin, O, can be set at any location on the ground, typically chosen at the point of aircraft
takeoff. The directions of the axes are generally determined using the right-hand rule.

The range for the parameter η typically falls between 90% and 95%. In this study, we
opted for a η value of 90%. By selecting a lower efficiency conversion ratio, we intentionally
calculate aircraft thrust requirements that are higher than actual values, anticipating a
more significant load than reality. This approach ensures that the calculated results lean
toward safety.

Step 5 Calculate the lift and side forces
The next step involves the computation of aircraft lift and lateral force by integrating

the current flight parameter data with the previously determined aircraft drag values
within the current trajectory segment as follows:

Yi cos γsi − Zi sin γsi = −Pi
[
cos(αi + ϕp) sin βi sin γsi + sin(αi + ϕp) cos γsi

]
+mig cos θi + mivi

dθi
dt

Yi sin γsi + Zi cos γsi = −Pi
[
sin(αi + ϕp) sin γsi − cos(αi + ϕp) sin βi cos γsi

]
−mivi cos dψai

dt

(9)

where Yi represents the lift along the Oya direction; Zi represents the lateral force along the
Oza direction; γsi represents the angle between the airflow Oya-axis and the flight path Oyk,
known as the roll angle; the Ψai track angle, also referred to as the heading angle, is the
angle between the projection of the flight path Oxk-axis on the horizontal plane and the
ground Oxg-axis, with the convention that rightward is positive.

Step 6 Calculation of load factor
During flight, an aircraft constantly alters its speed, altitude, and heading. The faster

these three parameters change, the better the aircraft’s maneuverability. The maneuverabil-
ity can be characterized by the aircraft’s tangential and normal accelerations, where a larger
acceleration corresponds to greater external forces acting on the aircraft. The load factor on
the aircraft, defined as the ratio of the sum of all forces on the aircraft, excluding gravity,
to the aircraft’s weight, is a critical parameter. The aircraft’s load factor is interconnected
with the engine load factor. The load factor is a vector, and its projection on the trajectory
coordinate axes is as follows:

n′xi =
Pi cos(αi+ϕp) cos βi−Qi

mi g

n′yi =
Pi[cos(α+ϕp) sin βi sin γs i+sin(αi+ϕp) cos γs i]+Yi cos γs i−Zi sin γs i

mi g

n′zi =
Pi[− cos(αi+ϕp) sin βi cos γs i+sin(αi+ϕp) sin γs i]+Yi sin γs i+Z cos γs i

mi g

(10)

here, nxi, nyi, nzi are the engine load factor in the current path coordinate frame, respectively.
Step 7 Check the calculation results
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After completing one calculation, check if there are any remaining informational
segments. Continue to extract small informational segments and follow steps 2 to 6 to
compute engine load information. Ultimately, this process yields engine load information
for the entire time interval.

4.2. Engine Flight Load and Thrust Prediction

During the aircraft’s flight load calculations, derivations are conducted using flight
parameter information at various instances. When making predictions, only the type of
maneuver action is known, and detailed flight parameter data throughout the maneuver
action sequence is lacking. Therefore, it is necessary to investigate the parameters governing
maneuver actions, establish parameter equations, and provide a parameterized description
of the motion.

Step 1 Weight of aircraft
When considering the pattern of aircraft weight variation, the first step involves

determining whether the aircraft performs actions such as missile launches or equipment
drops during the flight. By excluding such actions, the primary cause of aircraft weight
variation becomes fuel consumption. Subsequently, using empirical data, the relationship
between the rate of fuel consumption and maneuver actions is calculated. This yields a
time-based profile of aircraft weight variation characterized by a nearly steady pattern.

Based on multiple flight profiles, the aircraft’s weight is calculated as 2700 kg, with
an initial fuel quantity of 1700 L, and the fuel consumption rates during various time
intervals are detailed in Table 5. Lastly, through the division of missions and task actions,
the aircraft’s weight at each moment can be determined.

Table 5. State subdivision criteria.

Task Segment Takeoff and Climb Intermediate Segment Descent and Landing

Average fuel consumption kg/h−1 39.2 31.5 8.5

Step 2 Prediction of pitch angle
When the aircraft performs maneuver actions, there are three types of pitch angle

variations: (1) starting from an initial value, maintaining a fixed rate of change until
reaching an extreme value, and returning to the initial value at the end of the action;
(2) starting from 0◦, changing at a fixed rate to reach an extreme value, and maintaining
that angle until the end of the action; (3) starting from 0◦, changing at a fixed rate to reach
an extreme value, and then returning to 0◦ at a fixed rate (Figure 17).

Parameter fitting can be achieved by constructing various linear equations. The
positional information required during the linear fitting process was acquired during the
statistical analysis. This information includes the action’s starting point in time, the time at
which the pitch angle reaches its extreme value, the time when the action ends, the initial
pitch angle at the start of the action, and the pitch angle at the extreme point of the action.
In Figure 17, the black curve represents the observed pitch angle change of the aircraft
during the maneuver, and the red curve (dashed line) represents the linear fitting result.

Step 3 Prediction of roll angle
The variation in the aircraft’s roll angle typically corresponds to turning maneuvers.

The aircraft’s roll angle begins at 0◦ and increases at a specified rate to reach the prescribed
roll angle. Depending on the specific maneuver, it maintains the current roll angle for a
certain period. It then returns the roll angle to zero at a fixed rate, marking the end of
the action, as illustrated in Figure 18. In most cases, the rate of change in reaching the
extreme value of the roll angle and returning from the extreme value to zero is the same.
Therefore, similar to the pitch angle, it can be fitted using three linear equations where
x1 corresponds to the start time of the action, x2 corresponds to the time of the roll angle
reaching its extreme value, x4 corresponds to the end time of the action, y1 corresponds
to the initial roll angle at the start of the action, and y2 corresponds to the roll angle at the
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extreme point of the action. In Figure 18, the black curve represents the observed changes
in the aircraft’s roll angle during maneuvers, and the red curve (dashed line) represents the
linear fitting result.
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Step 4 Altitude and Atmospheric Density
The aircraft’s flight altitude and atmospheric density are crucial parameters in calculat-

ing the aircraft’s lift-to-drag ratio. Flight altitude is a function of time based on flight speed
and pitch angle. By integrating the previously obtained functions for speed and pitch angle
and considering the initial altitude, we can determine the altitude at each moment. The
calculation relationship is expressed as Equation (11).

Ht1 = H0 +

t1∫
t0

v(t)× sin ϑ(t)dt (11)

where Ht1 represents the flight altitude at time t1, H0 is the initial altitude, v is the flight
speed, and ϑ is the pitch angle.
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As shown in Figure 19, the black curve represents the observed velocity, pitch angle,
and altitude profiles during the maneuver action. The red curve (dashed line) represents
the results of linear fitting for the velocity and pitch angle profiles and the altitude profile
after integration.
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An inverse relationship exists between altitude and atmospheric density, as indi-
cated by the relationship in Equation (12). After obtaining information on the altitude
variation profile, atmospheric density ρ at each height H can be calculated using the
following formula:

ρ1 = (1− 2.25577× 10−5H)
4.25588 × 0.12492, H ≤ 11000

ρ2 = e−
H−11000
6341.62 × 0.037109, 11000 < H ≤ 20000

ρ3 =
[
1 + 4.6157× 10−6(H − 20000)

]−34.16 × 0.0089770, 20000 < H ≤ 32000

(12)

By solving the parameter histories of each maneuver, the flight trajectory information
of the entire predicted profile, and the engine altitude change under the typical profile can
be obtained, where the altitude coordinates have been normalized (Figure 20).

Aerospace 2023, 10, x FOR PEER REVIEW  24  of  28 
 

 

5 4.25588
1

11000
-

6341.62
2

34.16-6
3

(1- 2.25577 10 ) 0.12492,  11000

0.037109,  11000 20000

1 4.6157 10 - 20000 0.0089770,  20000 32000

H

H H

e H

H H













    

    


        
（ ）

  (12)

By solving the parameter histories of each maneuver, the flight trajectory information 

of the entire predicted profile, and the engine altitude change under the typical profile can 

be obtained, where the altitude coordinates have been normalized (Figure 20). 

 

Figure 20. Altitude changes of the predicted profile. 

To obtain the engine thrust and load factor of the typical profile, the aircraft perfor-

mance information and height, pitch angle, roll angle, etc., obtained from steps 1 and 2, 

are combined with the thrust and load factor calculation method in Section 4.1. The pre-

dicted engine thrust, engine normal load factor, and the tangential load factor of the typ-

ical profile can be obtained, as shown in Figures 21–23, where each parameter on the ver-

tical axis has been normalized. 

 

Figure 20. Altitude changes of the predicted profile.



Aerospace 2023, 10, 961 22 of 25

To obtain the engine thrust and load factor of the typical profile, the aircraft perfor-
mance information and height, pitch angle, roll angle, etc., obtained from steps 1 and 2, are
combined with the thrust and load factor calculation method in Section 4.1. The predicted
engine thrust, engine normal load factor, and the tangential load factor of the typical profile
can be obtained, as shown in Figures 21–23, where each parameter on the vertical axis has
been normalized.
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5. Conclusions

In this paper, we present two novel maneuver recognition algorithms based on the data
characteristics of specific flight test data. These methods include the DTW distance-based
algorithm (Algorithm 2) and the sequence important point-based algorithm (Algorithm 3).
Using a given flight data model as a case study, we derived and computed the thrust
and load factors for various maneuvering conditions. The conclusions are summarized
as follows:

(1) Algorithm 2 obtains maneuver segments by analyzing the feedback from flight
parameter data in different aircraft maneuvers. This method can capture more segments
during high-intensity maneuvers and accurately identify and categorize complex composite
maneuvers, such as half-rolls, somersaults, and other specific maneuvers. For instance,
Algorithm 2 classifies the maneuver as a complete maneuver segment (maneuver class 4),
which, upon manual inspection, represents a tactical composite maneuver that sequentially
includes the continuous sequence of climb, right turn-climb, right turn-descent, dive, left
turn-climb, climb. However, for smoother maneuvers where the rate of change in flight
parameter data is small, it may be challenging to precisely extract maneuver segments,
resulting in a degree of recognition error.

(2) Algorithm 3 identifies maneuver segments by progressively recognizing trends
in the horizontal and vertical plane projections of the trajectory. It uses a fixed step size
to segment areas with trend changes (clusters) and subsequently extract maneuvers. This
segmentation process does not skip or discard data segments, improving recognition
capability. However, Algorithm 3 primarily identifies fundamental maneuver actions, and
recognizing complex composite maneuvers requires the incorporation of specific merging
rules, increasing the recognition efficiency and complexity, while manual judgment may
also be necessary. Nonetheless, to identify and predict engine load histories under different
aircraft states in this particular case, there is no need to identify numerous maneuver states.
Hence, Algorithm 3 is more suitable for the scenario in this paper.

(3) In this study, unconventional techniques in time series data analysis are employed,
primarily involving the utilization of the perceptually important points (PIP) procedure
to encode and structure individual time series data from each station. This innovative
approach effectively reduces dimensionality while preserving the underlying pattern
structure; subsequently, a set of rules is applied for dataset classification.

(4) The flight mission profile comprises various mission-specific actions, and differing
actions lead to variations in the acquired aircraft flight data. Consequently, the derived load
histories are also distinct. Before the design phase, aircraft operating departments have
made preliminary determinations regarding the aircraft’s flight missions. Therefore, it is
possible to derive different aircraft design loads by analyzing mission-specific requirements.

(5) From the load factor data associated with the aforementioned maneuvers, it is
evident that the engine load factor is intricately linked to the aircraft’s state. Variations
in aircraft characteristics and flight mission conditions result in different engine profiles.
Thus, the initial proposal in this study, focusing on the investigation of engine thrust and
load factors based on mission requirements, is deemed imperative.

In summary, it is possible to derive the thrust characteristics of a new aircraft engine by
analyzing the flight mission profiles, obtaining flight test data or empirical flight parameters,
and subsequently solving the fundamental aircraft flight dynamics equations. Following
this, the design methodology for the new aircraft engine can be determined using statistical
methods based on the mission cycles.
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alignment measures compared with FastDTW. Table S1: Comparison of accuracy and time. Table S2:
Comparison of accuracy and time. Reference [27] are cited in the Supplementary Materials.

https://www.mdpi.com/article/10.3390/aerospace10110961/s1
https://www.mdpi.com/article/10.3390/aerospace10110961/s1


Aerospace 2023, 10, 961 24 of 25

Author Contributions: Conceptualization, M.Z. and Z.Y.; methodology, M.Z. and Z.Y.; software,
S.X. and J.T.; validation, Y.H. and J.T.; formal analysis, S.X., Y.H. and J.T.; writing—original draft
preparation, M.Z. and J.T.; writing—review and editing, S.X., Y.H. and Z.Y.; supervision, Z.Y.; funding
acquisition, M.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by Guangdong Basic and Applied Basic Research Foundation
(Grant 2022A1515110636), the National Natural Science Foundation of China (Grant No. 12302156),
the Natural Science Basic Research Plan in Shaanxi Province of China (No. 2023-JC-QN-0012), and
the National Science Technology Major Project (J2019-IV-0017-0085).

Data Availability Statement: Data available on request due to restrictions eg privacy or ethical.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

Abbreviation

CDTW Context-based dynamic time warping
CNN Convolutional Neural Network
CTW Context-Tree Weighting
DBSCAN Density-based spatial clustering of applications with noise
DTW Dynamic time warping
ED Euclidean distance
FAA Federal Aviation Administration
FDR Flight data recorder
FMR Flight Maneuver Recognition
IC Inconsistency coefficient
IPs Important points
LDA Latent Dirichlet Allocation
LSM Logistic Sigmoid Model
PCA Principal Component Analysis
PD Perpendicular distance
PIP Perceptually important point
PLR Piecewise linear representation
RMSE Root mean square error
SVD Singular Value Decomposition
VD Vertical distance
1-NN 1-nearest neighbors
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