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Abstract: Accurate 4D trajectory prediction plays an important role in the sustainable management
of future air traffic. Aiming at the problems of inadequate feature utilization, unbalanced overall
prediction (OP) result, and weak real-time response in 4D trajectory prediction by machine learning,
a fractal dimension feature-prediction (FDFP) model is proposed, starting from the airborne quick
access recorder (QAR) trajectory data. Firstly, the trajectory features are classified and transformed
according to the aircraft operation characteristics. Then, the long short-term memory (LSTM) network
is used to construct the prediction model by fractional dimensions; based on the fractal dimension
feature (FDF), the different combinations of influencing factors are selected as the feature matrix, and
the optimal prediction model of each dimension is obtained. Finally, 671 city pair trajectory data are
used to conduct simulation experiments to verify the accuracy and effectiveness of the model. The
experimental results show that the FDFP model performs well, with the mean absolute error (MAE)
of longitude and latitude both less than 0.0015◦, and the MAE of altitude less than 3 m. Compared
with the OP model, the MAE of the FDFP model in these three dimensions decreased by 92%, 81%
and 79%, respectively. Compared with experiments without feature transformation, the MAE of the
FDFP model is reduced by 75%, 82%, and 69%, respectively. Each prediction of the model takes about
30 ms, which satisfies the real-time prediction conditions and can provide a reference for air traffic
operation assessment.

Keywords: air transportation; 4D trajectory; fractal dimension feature; trajectory prediction; long
short-term memory

1. Introduction

Trajectory-based operation (TBO) is the future development trend of the air traffic
management (ATM) system [1], which is expected to result in a more efficient use of
system capacity by maximizing airspace and airport throughput, improving operational
predictability through more accurate gate-to-gate strategic planning, enhancing flight
efficiency through integrated operations, and promoting sustainable development of the
aviation industry. With the development of NextGen [2] in the United States and single
sky ATM Research (SESAR) [3] in Europe, the TBO model has been promoted, which also
triggers the thinking of the TBO model in developing countries. The accurate trajectory
prediction technology is the core of the TBO. As an important research direction of artificial
intelligence, the basic principle of machine learning is to start from existing sample data,
learn and reason the rules contained in these data, and then use the rules to identify,
estimate and predict unknown data [4].

At present, there have been studies applying machine learning methods to solve the
problem of trajectory prediction, including regression models [5–7], clustering algorithms [8–11],
and widely used neural network models [12–16]. In the neural network model, the long
short-term memory (LSTM) network [17–20] with time series information mining ability
is widely used. Among them, Shi et al. [18] proposed three constraints of the climb,
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cruise and descent/approach phases based on the dynamic characteristics of the aircraft
by using the LSTM model and a sliding window to track each stage of the trajectory
for prediction. Zhang et al. [19] used the LSTM model to predict the deviation of the
actual trajectory and the target trajectory along the latitude and longitude, and at the same
time, the trained LSTM network could make the long-term prediction of the trajectory
in the following several time points. In order to further improve the prediction accuracy,
many neural network combination models [21–26] have been derived from and based
on a single model. Among them, Yue et al. [21] proposed a combined model with the
LSTM as the main part and an autoregressive-integrated moving average model (ARIMA)
as the auxiliary part based on a large number of flight data and applied it for trajectory
prediction. Ma et al. [22] proposed a new hybrid architecture for 4D trajectory prediction
based on deep learning, which combined the convolutional neural network (CNN) and
LSTM network, and the prediction error was reduced by 21.62% on average compared with
the LSTM model and 52.45% compared with the back-propagation (BP) neural network
model. Cui et al. [26] established an adaptive prediction model for uncertain trajectory
using a recurrent and multi-layer neural network structure, which can effectively solve
the problem of trajectory prediction in different actual environments. By transforming the
structure of the neural network model, the above research find the internal relationship
between different features of aircraft in a large number of historical data samples, and
have good prediction performance, but also ignore the transformation and recreation of the
original features of the trajectory. In addition, most of the existing studies have applied the
overall prediction (OP) method, that is, using a model to predict multiple dimensions at
the same time, which is prone to problems such as complex model structure and too long
training time. Due to the different characteristics of various dimensions, it is inevitable
that there will be uneven errors in actual prediction. Even if the prediction accuracy of
each dimension is high enough, there may still be large errors after synthesizing the 4D
trajectory. Therefore, it is necessary to make full use of the original features of the trajectory
and absolutely learn the change characteristics of different dimensions to get the optimal
predicted value.

On the other hand, considering the real-time performance of trajectory prediction,
Han et al. [27] proposed a short-term real-time trajectory point prediction method based
on the gated recurrent unit (GRU) neural network. Shi et al. [28] proposed a short-term
4D trajectory prediction algorithm based on the online-updated LSTM to realize the real-
time update of model parameters and make the model robust. Wang et al. [29] proposed
an improved Kalman filter algorithm to improve the prediction accuracy by adjusting
the current position data in real time. Zhang et al. [30] developed an online 4D trajectory
prediction method, which is composed of the preparation process, computation process and
updating process. However, due to the high latency storage modes of historical trajectory
data, it is difficult to achieve real-time prediction in a strict sense. Therefore, a strong
real-time data type can be considered for the study of track prediction.

Aiming at the above problems, this paper proposes a fractal dimension feature-
prediction (FDFP) model. Firstly, considering the aircraft performance and external factors,
16 relevant features are selected from the airborne quick access recorder (QAR) data, and the
two important features of heading and wind direction are transformed. Then, considering
the high density and strong timeliness of QAR data, the same time interval is used for
resampling, and the way of trajectory prediction is changed to the real-time prediction
of the fixed time three-dimensional position, which can effectively avoid the prediction
error of the time dimension. Finally, according to the changing characteristics of different
dimensions, the appropriate feature combination is used to establish the model to obtain a
higher prediction accuracy in each dimension, and the LSTM model is used to verify the
effectiveness of the above improvement measures. The major contributions of this paper
are as follows.

(1) A new FDFP model is proposed to improve the prediction accuracy of different
attribute features in multidimensional prediction.
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(2) The original features are preprocessed with appropriate mathematical methods, and
some of the original features are transformed according to the changing characteristics
of the predicted values, so as to make full use of the original data to improve the
prediction accuracy.

(3) The QAR data with rich trajectory characteristics and strong real-time performance is used
for trajectory prediction to fully learn the changing characteristics of aircraft position.

2. Trajectory Data Analysis and Processing
2.1. QAR Trajectory Data

QAR refers to the onboard flight data recording equipment with a protective device.
Compared with automatic dependent surveillance-broadcast (ADS-B) data and radar data,
QAR data record most parameters of the flight control quality monitoring of aircraft
in real-time, which better reflects the operation status of an aircraft. In addition, QAR
data are directly stored and recorded by the airborne equipment with a higher accuracy
and stronger real-time performance, which provides the necessary data support for the
implementation of TBO. Therefore, QAR data are used in this paper for an accurate 4D
trajectory prediction experiment.

Most of the trajectory data returned by QAR are continuous and the sampling period
is once a second. Considering the original data as a series of discrete trajectory points, let T
be the historical trajectory data set, which contains N historical trajectory, denoted as

T = {T1, T2, ..., Tk, ..., TN} (1)

where Tk denotes the kth trajectory in T.
Each flight time on the same course is not fixed, and the number of trajectory points

recorded for each trajectory varies. Assuming that each trajectory contains n trajectory
points, there are

Tk = {mk1, mk2, ..., mki, ..., mkn} (2)

where, mki is the ith trajectory point in Tk.
Through screening, the information contained in each trajectory point is 16 features

in Table 1, namely, the feature set of the ith trajectory point in the kth trajectory, which is
expressed as:

mki = { f ki1, f ki2, ..., f kij, .., f ki16} (3)

Table 1. QAR data related features.

Categories Features

I
Time
Date

II

Longitude/◦

Latitude/◦

Altitude/feet
Velocity/knot

Mach/M
Vertical acceleration/g

Wind speed/knot

III

Lateral acceleration/g
Horizontal acceleration/g

Pitch angle/◦

Pitch rate /(◦/s)

IV Flight phase

V
Heading/◦

Wind direction/◦
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Data features are divided into five categories according to subsequent data prepro-
cessing requirements (Table 1).

2.2. Data Cleaning

Due to the system error and other reasons, the real QAR trajectory data have some
problems such as missing and abnormal trajectory points [31,32]. The abnormal trajectory
points are eliminated according to the distance limit between two adjacent points, and
the missing trajectory points are filled by linear interpolation. As shown in Figure 1, the
cleaned trajectory is smoother and more continuous in terms of longitude and latitude,
which effectively guarantees the production of subsequent data sets.
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2.3. Data Resampling

The traditional 4D trajectory prediction is to predict the next moment, longitude,
latitude and altitude of the aircraft at the same time, and the prediction results have errors
in four dimensions. Considering the perspective of time and assuming that the prediction
of three-dimensional position coordinates is accurate enough, the overall deviation of
trajectory points will also be caused by the error in time. Therefore, in order to avoid the
error of time dimension, this paper converts the traditional 4D trajectory prediction to
predict the 3D position of the aircraft at the next fixed moment. The features of class I
are transformed into the timestamp. Assuming that the information recording time of a
trajectory is between [T,T + N], the trajectory data are resampled with S as the sampling
interval to obtain new trajectory data, as shown in Figure 2.
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2.4. Data Normalization

The features of classes II, III and IV are processed as follows:

(A). Min-max normalization

Min-max normalization, also known as deviation normalization [33], is a linear trans-
formation of the original data that maps values between [0,1]. The conversion formula is
as follows:

x∗ =
x−min

max−min
(4)

where max is the maximum value of the sample data, min is the minimum value of
the sample data, and max–min is the range. For class II features, the above deviation
standardization processing is adopted to retain the existing relationship in the original data,
and effectively eliminate the influence of dimension and data value range.

(B). Decimal scale normalization

The feature value is mapped between [–1,1] by moving the number of decimal places
of the eigenvalue, depending on the maximum value of the absolute value of the eigen-
value [33]. The conversion formula is as follows:

x∗ =
x

10x (5)

For class III features, the decimal scale normalization retains the positive and negative
signs on the basis of eliminating the dimension and retains the characteristics of the original
data to the greatest extent.

(C). Feature encoding

For class IV features, the initial classification has been given for the original QAR
data, which is processed by encoding (Table 2). Since the performance of the aircraft
presents different characteristics in different flight phases, the numeralization of the flight
phases preserves the progressive levels and differences between different phases while
encoding them.

Table 2. Flight phase feature coding.

Flight Phase Encoding

INIT. CLIMB 0
CLIMB 1
CRUISE 2

DESCENT 3
APPROACH 4

FINAL 5

2.5. Feature Transformation

The heading and wind direction in class V features have obvious orientation, which
has an important influence on the position change of the aircraft at the next moment.
The action mode is closely related to the current operating state of the aircraft. However,
the original numerical representation cannot fully express the influence on the aircraft
operation, so it is necessary to transform heading and wind direction.

(A). Heading

Based on original data, the value range of heading is [0,360]. If the value is transformed
into [0,1] by the deviation standardization method, it is difficult to reflect the influence
of heading on the change of longitude and latitude coordinates. Therefore, the feature
transformation of heading is carried out, and the calculation formula is as follows:
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{
HEAD_LON = sin(HEAD)
HEAD_LAT = cos(HEAD)

(6)

where, HEAD is the heading; HEAD_LON is the sinusoidal heading; HEAD_LAT is the
cosine heading.

As for the longitude, when the heading is 90◦, the direction of aircraft operation is
perpendicular to the longitude and consistent with the direction of longitude increase
(Figure 3a). As the heading increases to one hundred eighty degrees or decreases to zero
degrees, the trend of longitude increase gradually decreases. When the heading is 270◦,
the direction of aircraft operation is perpendicular to the longitude and consistent with the
direction of the decreasing longitude (Figure 3b). As the heading increases or decreases to
360◦ or 180◦, the trend of decreasing longitude is more obvious. If positive and negative
signs are used to represent the increasing and decreasing trends, and numerical values are
used to represent the changing trend, the sine function can exactly represent the changing
characteristics of longitude with heading (Figure 3c). Similarly, the cosine function can be
used to represent the variation characteristics of latitude with heading (Figure 3d–f).
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Figure 3. Schematic diagram of heading change: (a) heading value [0,180]; (b) heading value [180,360];
(c) sinusoidal heading for longitude; (d) heading value [90,270]; (e) heading value [270,360] and [0,90];
and (f) cosine of heading for latitude.

(B). Wind direction

Based on original data, the value range of the wind direction is [0,360], which is
difficult to fully show the influence of the wind direction on the operation of the aircraft.
Therefore, the feature transformation of the wind direction is carried out, and the calculation
formula is as follows:
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WD′ = cos(
∣∣HEAD−WD

∣∣) (7)

where, WD is the wind direction, WD′ is the transformed wind direction.
First, the absolute value of the difference between wind direction and heading is

taken. When the absolute value exceeds 90◦, the aircraft operates under the headwind
condition, and the larger the angle, the more significant the effect of hindering aircraft
operation (Figure 4a). When the absolute value is less than 90 ◦, the aircraft operates
under downwind conditions, and the smaller the angle, the more significant the effect of
promoting aircraft operation (Figure 4b). If positive and negative signs are used to represent
downwind and headwind conditions, and numerical values are used to show the influence
of trend, the cosine function can be used to accurately represent the changing characteristics
of aircraft under the interaction between wind direction and heading (Figure 4c).
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direction transform.

3. 4D Trajectory FDFP Model Based on the LSTM Network
3.1. LSTM Neural Network Theory

The LSTM neural network is one of the most representative time series data modeling
methods in machine learning, consisting of an input layer, hidden layer and output layer.
The hidden layer includes input gate, forget gate and output gate [34]. The structure is
shown in Figure 5. The forget gate is the core of LSTM, through which information needs
to be forgotten in order to realize the coexistence of short- and long-time information.

Sustainability 2023, 15, x FOR PEER REVIEW  8  of  20 
 

shown in Figure 5. The forget gate is the core of LSTM, through which information needs 

to be forgotten in order to realize the coexistence of short‐ and long‐time information. 

The internal calculation method of LSTM is shown in the following formulas [34]: 

 1 ,t f t t ff W h x b      
 

(8)

 1 ,t i t t ii W h x b        
(9)

 1ʹ tanh ,t C t t CC W h x b       
(10)

1∙ ∙ ʹt t t t tC f C i C 
 

(11)

 1 ,t o t t oO W h x b        
(12)

 ∙ tanht t th O C
 

(13)

where: ft is the probability that the information of the forgotten gate passes through; σ and tanh 

are Sigmoid functions and tanh functions; W is the weight matrix; h is the output of memory; x 

is the input of memory; b represents the bias matrix; it is the output of the input gate; Ct repre‐

sents the state of memory; C’t is the candidate state; and Ot is for the output gate. 









-1th

tf ti

1tC  tC

th
tC'

tx

  tanh 

tO
tanh

tO

 

Figure 5. Single LSTM cell structure. 

3.2. Selection of Influencing Factors 

The  flight phase,  longitude,  latitude, altitude, velocity, Mach number, wind speed 

and transformed wind direction at the presequence time are closely related to the position 

information at the prediction time, and the above features are called common features. 

Combined with the different characteristics of longitude, latitude and altitude, the feature 

matrix of the corresponding model is composed of the common feature group and their 

own unique features. The unique features of each dimension are shown in Table 3. Among 

them, the longitude model and latitude model select the sinusoidal heading and cosine 

heading respectively according to the action principle of heading in Section 2.5. The alti‐

tude model selects the pitch angle and pitch rate according to the altitude characteristics. 

The three models correspond to horizontal acceleration, lateral acceleration and vertical 

acceleration respectively according to the directionality of longitude, latitude and altitude. 

The above three models constitute the FDFP model. In the OP model of the comparison 

experiment, all the above features are considered as the feature matrix of the model for 

trajectory prediction. 

   

Figure 5. Single LSTM cell structure.



Sustainability 2023, 15, 1272 8 of 19

The internal calculation method of LSTM is shown in the following formulas [34]:

ft = σ
(

W f · [ht−1, xt] + b f

)
(8)

it = σ(Wi · [ht−1, xt] + bi) (9)

C′t = tanh(WC · [ht−1, xt] + bC) (10)

Ct = ft·Ct−1 + it·C′t (11)

Ot = σ(Wo · [ht−1, xt] + bo) (12)

ht = Ot·tanh(Ct) (13)

where: ft is the probability that the information of the forgotten gate passes through; σ
and tanh are Sigmoid functions and tanh functions; W is the weight matrix; h is the output
of memory; x is the input of memory; b represents the bias matrix; it is the output of the
input gate; Ct represents the state of memory; C’t is the candidate state; and Ot is for the
output gate.

3.2. Selection of Influencing Factors

The flight phase, longitude, latitude, altitude, velocity, Mach number, wind speed
and transformed wind direction at the presequence time are closely related to the position
information at the prediction time, and the above features are called common features.
Combined with the different characteristics of longitude, latitude and altitude, the feature
matrix of the corresponding model is composed of the common feature group and their
own unique features. The unique features of each dimension are shown in Table 3. Among
them, the longitude model and latitude model select the sinusoidal heading and cosine
heading respectively according to the action principle of heading in Section 2.5. The
altitude model selects the pitch angle and pitch rate according to the altitude characteristics.
The three models correspond to horizontal acceleration, lateral acceleration and vertical
acceleration respectively according to the directionality of longitude, latitude and altitude.
The above three models constitute the FDFP model. In the OP model of the comparison
experiment, all the above features are considered as the feature matrix of the model for
trajectory prediction.

Table 3. Model influencing factor selection.

Feature
FDFP Model

OP Model
Longitude Model Latitude Model Altitude Model

Sinusoidal heading • # # •
Cosine heading # • # •

Pitch angle # # • •
Pitch rate # # • •

Horizontal
acceleration • # # •

Lateral acceleration # • # •
Vertical acceleration # # • •

Note: # indicates not used, and • indicates used.

3.3. Model Training and Prediction

The 4D Trajectory FDFP model is based on the LSTM network. Firstly, data from
trajectory point sequence are preprocessed and the training set and test set are divided.
Then, according to three kinds of prediction targets, different feature matrices and labels
are considered as sample data sets, which are input into the constructed longitude model,
latitude model and altitude model for training and prediction. Finally, the model is
optimized by calculating the loss between the predicted value and the actual value, and the
final model is obtained. The specific process is shown in Figure 6. However, the OP model
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takes all the trajectory features as the feature matrix, and uses an LSTM network to predict
longitude, latitude and altitude at the same time. In the process of aircraft operation, the
trained model obtains QAR data in real time for trajectory prediction.
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3.4. Evaluation Indicators

Considering the error evaluation of regression problems and the sensitive detection of
outliers, this paper uses the mean absolute error (MAE) and root mean square error (RMSE)
to evaluate the effectiveness of prediction results. The calculation formulas are as follows:

MAE =
1
n

n

∑
i=1
|Ypi−Yi| (14)

RMSE =

√
1
n

n

∑
i=1

(Ypi−Yi)2 (15)

where: Ypi is the ith predicted value, Yi is the ith true value, and n is the number of
sample data.

In trajectory prediction, horizontal error and vertical error can be used to evaluate
the accuracy of position prediction. The horizontal error is calculated by the Euclidean
distance of two trajectory points, and the vertical error is the altitude difference between
two trajectory points. In China’s actual air traffic control, the approach control should
not be less than 6 km in the standard of radar horizontal interval, and the altitude layer
should be separated by 300 m below 8400 m. Therefore, the horizontal error in the range of
3 km and the vertical error in the range of 150 m are selected. In this paper, the proportion
of trajectory points in different error ranges will be used to evaluate the accuracy of the
prediction model. The specific indicators and symbols are shown in Table 4.
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Table 4. Predictive indicators and symbols.

Indicator Symbol Annotation

h_e3 The percentage of trajectory points with horizontal error within 3 km
h_e1 The percentage of trajectory points with horizontal error within 1 km

h_e5 h The percentage of trajectory points with horizontal error within 0.5 km
v_e150 The percentage of trajectory points with vertical error within 150 m
v_e60 The percentage of trajectory points with vertical error within 60 m
v_e30 The percentage of trajectory points with vertical error within 30 m

4. Experiment and Discussion
4.1. Data Set

The data used in this experiment are the real operation data of fixed urban routes from
Chengdu Shuangliu Airport to Guangzhou Baiyun Airport from December 2021 to March
2022, totaling 671 trajectories. The data of 550 trajectories are taken as the training set for
model training and verification, and the remaining 121 trajectories are used as the test
set for prediction effect testing. Considering the input requirements of the LSTM model,
a single trajectory sequence is used as the unit for data segmentation, and the historical
trajectory data with a fixed step length is used to predict the position information of the
next trajectory point.

4.2. Experimental Environment and Model Parameters

The experimental environment is Windows 10, a 64-bit operating system and NAVIDIA
T600 graphics card. The LSTM model used is implemented on the Keras deep-learning
platform based on Tensorflow. The optimal model structure and parameter setting are
obtained through continuous experiments by the trial-and-error method. (Table 5). There
are some constraints on the parameter setting. For example, in order to fully learn the
few cases in the data set such as INIT. CLIMB and FINAL phase, the batch size will be set
smaller and the training time will be considered, which will naturally set the epoch smaller.

Table 5. Model parameters.

FDFP Model
OP Model

Longitude Model Latitude Model Altitude Model

Sample number 1,857,765
Sampling step 8

2 s
1

Sampling interval
Predictive step size

Epoch 30 30 40 30
Batch size 20 20 30 20

Number of hidden layers 2 2 2 3
Number of hidden neurons 60, 30 60, 30 80, 40 60, 30, 20

4.3. Comparative Analysis of Experimental Results

The trained model is used to predict 121 untrained trajectories in the test set one by
one. The prediction results are plotted, and the relevant evaluation indexes are calculated.

4.3.1. Single Trajectory Prediction

Taking a certain trajectory as an example, the OP model and the FDFP model proposed
in this paper are respectively used for trajectory prediction, and the errors of each dimension
are shown in Figure 7.
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Figure 7. Errors in each dimension of single trajectory prediction.

Since aircraft are greatly affected by air traffic control during climbing and descending,
and trajectory fluctuations are frequent, the prediction result of the two models is more
preferable in the cruise phase. The errors of the OP model in the three dimensions have
obvious fluctuations, especially in the climbing and descending, and the fluctuation range
is large. Considering the same order of magnitude, the prediction error of longitude is
significantly larger than that of latitude. The imbalance of multi-dimensional prediction
accuracy is also a common problem in the OP model. In comparison, the FDFP model has
better performance, with smaller prediction errors and less fluctuation, and performs more
accurate prediction when the aircraft is climbing and descending.

The comparison between the real trajectory and the predicted trajectory is shown
in Figures 8 and 9. In Figure 8, both models can accurately predict the overall operation
trend of the aircraft. From the partially enlarged drawing of the cruise phase, the overall
predicted trajectory is significantly different from the real trajectory, while the fractal
dimension feature (FDF)-predicted trajectory can better match the real trajectory. This is
because the OP model has learned the trend of trajectory change, but it is not sensitive
to specific values. During the climbing and descending phases of the aircraft, the overall
predicted trajectory is not smooth, and there is a large deviation from the real trajectory.
The closer to the end of the trajectory, the more significant the deviation degree. However,
the FDF predicted trajectory has excellent performance, and the trajectory curve is smooth
and stable, which could be well consistent with the real trajectory. There is only a small
deviation at the head of the trajectory, and the deviation degree is much smaller than that
of the overall predicted trajectory. The reason is that the running time is short at this phase,
and there are fewer samples for model learning and training.
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Figure 8. Longitude and latitude variation diagram of single trajectory.
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Figure 9. Altitude variation chart for single trajectory.

As can be seen from Figure 9, the two models are accurate in predicting the trend of
altitude change. According to the local enlarged images A, B and C, which compare the
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prediction results of the three phases with the actual trajectory, the prediction results of the
FDFP model are more stable and accurate than those of the OP model.

The evaluation indexes of each prediction result are shown in Tables 6 and 7 and
Figure 10. It can be seen that the evaluation indexes of the FDFP model are better than the
OP model, and the MAE of three dimensions are reduced by 92%, 84% and 74% on average,
showing a good performance in horizontal error. It takes about 30 ms to predict the position
of a trajectory point by using the FDFP model, which is far less than the sampling interval
of 2 s, which meets the conditions of real-time prediction.

Table 6. Comparison of MAE and RMSE for single trajectory prediction.

Longitude Latitude Altitude

OP FDFP OP FDFP OP FDFP

MAE 0.008990 0.000665 0.004877 0.000771 6.492714 1.674586
RMSE 0.016673 0.001000 0.007211 0.001414 9.746997 2.099804

Table 7. Comparison of horizontal error and vertical error for single trajectory prediction.

h_e3 h_e1 h_e5h v_e150 v_e60 v_e30

FDFP 100.00 99.27 96.00 100.00 100.00 100.00
OP 94.06 62.13 31.29 100.00 100.00 100.00
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Figure 10. Comparison of MAE and RMSE for single trajectory prediction.

4.3.2. Multiple Trajectory Prediction

The prediction results of 121 trajectories in the test set are compared with the actual
results, as shown in Tables 8 and 9 and Figure 11. In the FDFP model, the MAE of predicted
longitude and latitude are both less than 0.0015◦, the MAE of altitude is less than 2 m, and
the horizontal error within the range of 3 km, 1 km and 500 m accounts for 100%, 97.77%
and 91.71%, respectively. Compared with the OP results, the MAE of the three dimensions
is reduced by 92%, 81% and 79%, respectively, and the prediction accuracy is significantly
improved. Compared with the prediction accuracy of the longitude and latitude of the
same dimensional features, in the OP model, the longitude MAE reaches 2.6 times that of
the latitude MAE, while the FDFP is less than 1.1 times. It can be seen that the FDFP model
is more stable and more accurate in predicting the spatial position of trajectory points.
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Table 8. Comparison of MAE and RMSE for multi-trajectory prediction.

Longitude Latitude Altitude

OP FDFP OP FDFP OP FDFP

MAE 0.016729 0.001205 0.006401 0.001180 8.528994 1.744969
RMSE 0.024083 0.001732 0.01044 0.002 15.35092 2.23721

Table 9. Comparison of horizontal error and vertical error for multi-trajectory prediction.

h_e3 h_e1 h_e5h v_e150 v_e60 v_e30

FDFP 100.00 97.77 91.71 100.00 100.00 100.00
OP 81.09 28.52 31.29 100.00 100.00 99.98
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The MAE values of 121 trajectory prediction results are shown in Figure 12, where
the dashed lines are the average MAE values of each dimension. Compared with each
trajectory, the prediction accuracy of the three dimensions is stable and converges to a
certain range, which shows the good robustness of the FDFP model.
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4.3.3. Assessment of the Impact of Feature Transformation on Trajectory Prediction

In order to verify the influence of heading and wind direction feature transformation
on trajectory prediction in Section 2.5, the sample data sets of raw features and transformed
features are respectively adopted, and the FDFP model is used to predict the trajectory
of the test set. The results are shown in Tables 10 and 11, and Figure 13. Compared
with the prediction results of raw features, the MAE of transformed features in the three
dimensions is reduced by 75%, 82% and 69% respectively; the horizontal error is also
greatly reduced. The results show that the feature transformation of heading and wind
direction can effectively improve the accuracy of trajectory prediction.

Table 10. Comparison of MAE and RMSE for feature transformation.

Longitude Latitude Altitude

Raw Features Transformed
Features Raw Features Transformed

Features Raw Features Transformed
Features

MAE 0.004792 0.001205 0.006677 0.001180 5.691560 1.744969
RMSE 0.024207 0.001732 0.010770 0.002000 7.810808 2.237210

Table 11. Comparison of horizontal error and vertical error for feature transformation.

h_e3 h_e1 h_e5h v_e150 v_e60 v_e30

Transformed features 100.00 97.77 91.71 100.00 100.00 100.00
Raw features 99.43 71.34 36.22 100.00 100.00 100.00

Sustainability 2023, 15, x FOR PEER REVIEW  16  of  20 
 

Table 10. Comparison of MAE and RMSE for feature transformation. 

 

Longitude  Latitude  Altitude 

Raw Features 
Transformed Fea‐

tures 
Raw Features 

Transformed Fea‐

tures 
Raw Features 

Transformed Fea‐

tures 

MAE  0.004792  0.001205  0.006677  0.001180  5.691560  1.744969 

RMSE  0.024207  0.001732  0.010770  0.002000  7.810808  2.237210 

Table 11. Comparison of horizontal error and vertical error for feature transformation. 

  h_e3  h_e1  h_e5h  v_e150  v_e60  v_e30 

Transformed features  100.00  97.77  91.71  100.00  100.00  100.00 

Raw features  99.43  71.34  36.22  100.00  100.00  100.00 

 

Figure 13. Comparison of MAE and RMSE for feature transformation. 

4.3.4. Trajectory Prediction Under Special Conditions   

Under the  influence of bad weather, flow management, airport capacity limitation 

and so on, special conditions such as circling could appear in aircraft operation. In order 

to investigate the prediction result of the model in this paper under special conditions, a 

trajectory with circling phase  is selected  from  the  test set and  its prediction results are 

analyzed. The changes in longitude and latitude in the circling phase are shown in Figure 

14. Before circling, the predicted trajectory of the OP and FDFP models are in good agree‐

ment with the real trajectory. As the circling continues, the predicted trajectory of the OP 

model starts to deviate from the real trajectory, and there is a significant deviation in the 

circling phase during the big turn, while the predicted trajectory of the FDFP model al‐

ways overlaps with  the real  trajectory. At  the end of  the circling,  the  three  trajectories 

converge again. 

The prediction results for this trajectory in the circling phase are shown in the Table 

12. The MAE of the OP model is bigger, showing that the OP model cannot make an ac‐

curate prediction of  the  special phase, and  that  the FDFP model  is better  than  the OP 

model in three dimensions, demonstrating that the FDFP model for the special phase can 

also have accurate prediction results. 

Table 12. MAE of the two forecasting models in the circling phase. 

  Longitude  Latitude  Altitude 

OP  0.031119  0.012462  5.061558 

FDFP  0.000757  0.000555  0.983245 

5.69156

1.74497

0.00479

0.00668

0.00121 0.00118

7.81081

2.23721

0.02421

0.01077

0.00173 0.00200

0

2

4

6

0.000

0.002

0.004

0.006

M
A

E

 Raw Feature
 Transformed Feature

Altitude
0
2
4
6
8

Longitude Latitude
10-3

10-2

R
M

SE

Figure 13. Comparison of MAE and RMSE for feature transformation.

4.3.4. Trajectory Prediction under Special Conditions

Under the influence of bad weather, flow management, airport capacity limitation
and so on, special conditions such as circling could appear in aircraft operation. In order
to investigate the prediction result of the model in this paper under special conditions,
a trajectory with circling phase is selected from the test set and its prediction results are
analyzed. The changes in longitude and latitude in the circling phase are shown in Figure 14.
Before circling, the predicted trajectory of the OP and FDFP models are in good agreement
with the real trajectory. As the circling continues, the predicted trajectory of the OP model
starts to deviate from the real trajectory, and there is a significant deviation in the circling
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phase during the big turn, while the predicted trajectory of the FDFP model always overlaps
with the real trajectory. At the end of the circling, the three trajectories converge again.

Sustainability 2023, 15, x FOR PEER REVIEW  17  of  20 
 

 

Figure 14. Trajectory prediction in circling phase. 

4.3.5. Trajectory Prediction at Multi‐Sampling Interval   

In order to improve the long‐term performance of the real‐time prediction, trajectory 

data test sets with sampling intervals of 2 s, 6 s and 10 s are used for comparative experi‐

ments. The evaluation indicators are shown in Table 13. The prediction errors for longi‐

tude, latitude and altitude will increase with the widening in sampling interval. Taking 

the 10 s sampling interval with the largest error as an example, the MAE of longitude and 

latitude are  less  than 0.008°, and  the MAE of altitude  is  less  than 9 m. Meanwhile,  the 

prediction errors of the three dimensions are more balanced, which reflects the good ro‐

bustness of the model. 

Table 13. Comparison of MAE and RMSE at different sampling intervals. 

Sampling In‐

terval 

MAE  RMSE 

Longitude  Latitude  Altitude  Longitude  Latitude  Altitude 

2 s  0.001205  0.001180  1.744970  0.001732  0.002000  2.237210 

6 s  0.003446  0.004277  4.719530  0.004123  0.005099  7.957980 

10 s  0.007070  0.007908  8.987495  0.008367  0.009327  16.863321 

4.3.6. Robustness Verification of FDFP Model 

In order to verify the robustness of the FDFP model, the LSTM network is replaced 

by gradient boosting (XGBoost) to conduct the comparison experiment between the FDFP 

model and OP model. The results displayed in Table 14 show that the prediction effect of 

the FDFP model is better than that of the OP model in all dimensions, which reflects the 

robustness of the FDFP model. 

Table 14. Comparison of prediction results of two forecasting models based on XGBoost. 

 
Longitude  Latitude  Altitude 

OP  FDFP  OP  FDFP  OP  FDFP 

MAE  0.003455  0.001287  0.002703  0.002186  3.475237  3.378851 

RMSE  0.004569  0.002032  0.003685  0.009809  5.240572  4.730954 

4.4. Discussion 

In this paper, the FDFP model based on QAR data is proposed to improve the accu‐

racy of trajectory prediction. In order to verify the validity and robustness of the FDFP 

model,  single  trajectory  prediction,  multi‐trajectory  prediction,  trajectory  prediction 

109.8 110.0 110.2 110.4

23.2

23.4

23.6

L
at

it
ud

e/
(°

)

Longitude/(°)

  Real Trajectory
  FDFP
  OP

Figure 14. Trajectory prediction in circling phase.

The prediction results for this trajectory in the circling phase are shown in Table 12.
The MAE of the OP model is bigger, showing that the OP model cannot make an accurate
prediction of the special phase, and that the FDFP model is better than the OP model in
three dimensions, demonstrating that the FDFP model for the special phase can also have
accurate prediction results.

Table 12. MAE of the two forecasting models in the circling phase.

Longitude Latitude Altitude

OP 0.031119 0.012462 5.061558
FDFP 0.000757 0.000555 0.983245

4.3.5. Trajectory Prediction at Multi-Sampling Interval

In order to improve the long-term performance of the real-time prediction, trajectory
data test sets with sampling intervals of 2 s, 6 s and 10 s are used for comparative experi-
ments. The evaluation indicators are shown in Table 13. The prediction errors for longitude,
latitude and altitude will increase with the widening in sampling interval. Taking the 10 s
sampling interval with the largest error as an example, the MAE of longitude and latitude
are less than 0.008◦, and the MAE of altitude is less than 9 m. Meanwhile, the prediction
errors of the three dimensions are more balanced, which reflects the good robustness of
the model.

Table 13. Comparison of MAE and RMSE at different sampling intervals.

Sampling
Interval

MAE RMSE

Longitude Latitude Altitude Longitude Latitude Altitude

2 s 0.001205 0.001180 1.744970 0.001732 0.002000 2.237210
6 s 0.003446 0.004277 4.719530 0.004123 0.005099 7.957980
10 s 0.007070 0.007908 8.987495 0.008367 0.009327 16.863321
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4.3.6. Robustness Verification of FDFP Model

In order to verify the robustness of the FDFP model, the LSTM network is replaced
by gradient boosting (XGBoost) to conduct the comparison experiment between the FDFP
model and OP model. The results displayed in Table 14 show that the prediction effect of
the FDFP model is better than that of the OP model in all dimensions, which reflects the
robustness of the FDFP model.

Table 14. Comparison of prediction results of two forecasting models based on XGBoost.

Longitude Latitude Altitude

OP FDFP OP FDFP OP FDFP

MAE 0.003455 0.001287 0.002703 0.002186 3.475237 3.378851
RMSE 0.004569 0.002032 0.003685 0.009809 5.240572 4.730954

4.4. Discussion

In this paper, the FDFP model based on QAR data is proposed to improve the accuracy
of trajectory prediction. In order to verify the validity and robustness of the FDFP model,
single trajectory prediction, multi-trajectory prediction, trajectory prediction under special
conditions, under multi-sampling interval and under different basic models are respectively
used to compare the FDFP model with the OP model, which is widely used in previous
studies. The results show that FDFP model can achieve better prediction performance
through each evaluation indicators.

First, in terms of longitude and latitude prediction, the predicted trajectory of FDFP
model is almost consistent with the real trajectory (Figures 7 and 8), and also has a good
performance under special conditions (Figure 14), indicating that the FDFP model based on
LSTM can learn the rule of trajectory change. However, it is inevitable that the prediction
error at both ends of the trajectory is large. The introduction of the PDFP model can
alleviate this problem to a certain extent. Second, in the aspect of altitude prediction
(Figures 7 and 9), FDFP model stabilizes the prediction effect and narrows down the error
range compared with the OP model. In the end, the paper also conducts comparative
experiments on the proposed feature transformation (Tables 10 and 11 and Figure 13),
which further improves the prediction accuracy.

5. Conclusions

In this paper, the FDFP model is constructed using the QAR historical trajectory data
based upon the combination of different influencing factors. The QAR data can be acquired
in real time for trajectory prediction, which shows an excellent prediction result in the
experiment. At the same time, the feature transformation of heading and wind direction
also significantly improves the prediction accuracy of the model. Based on the LSTM
network and XGBoost, this paper verifies the effectiveness of the FDFP model, which
makes full use of QAR data features to improve both the accuracy and real-time response
of trajectory prediction. It promotes the implementation of the TBO and the sustainable
development of air traffic management.

However, this study also has some limitations. First of all, although there are still
technical barriers to the availability of QAR data, its rich trajectory characteristics can bring
different effects to the problem of trajectory prediction compared with ADS-B and radar
data. Therefore, it is very necessary to conduct prospective research on QAR data. Secondly,
the FDFP model will increase the number of models and occupy more memory. However,
in order to improve the prediction accuracy, this sacrifice is considered worthwhile. Future
research can consider model compression to save memory. Finally, the historical data used
in the experiment only has a fixed urban route, and its application scope is limited. More
data can be collected to solve the problem of data limitation in subsequent studies.

In the future, the abundant trajectory features brought by QAR data should be paid
full attention to, and the availability of QAR data should be improved from a technical
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standpoint. In order to improve the accuracy of trajectory prediction, it is necessary to
conduct targeted data preprocessing and flexibly transform the original trajectory features.
At the same time, the selection of models can be more diversified, not limited to the LSTM
network and XGBoost, and suitable models can be selected according to the characteristics
of different prediction dimensions, prediction accuracy and other requirements.
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