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[Abstract]

Urban Air Mobility (UAM) has garnered significant attention as a sustainable and efficient alternative
for urban transportation. However, ensuring safe operations in complex urban environments necessitates
research aimed at improving the accuracy and efficiency of flight trajectory prediction. This study
addresses this need by proposing a deep learning-based trajectory prediction model that overcomes the
limitations of conventional machine learning and simple regression models. Using data generated directly
by the Korean Air Aerospace Technology Research Institute, the study conducts a comparative analysis
of Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Unit
(GRU) models, while optimizing hyperparameters to maximize model performance. The experimental
results demonstrate that the GRU model achieved the lowest RMSE and shortest inference time, making
it the most suitable for real-time UAM trajectory prediction systems. Additionally, validation experiments
using new, unseen data further confirmed the practical applicability of the GRU model. This study not
only evaluates the performance of trajectory prediction models based on UAM latitude, longitude, and
altitude data but also proposes a practical framework capable of real-time trajectory prediction in urban
environments. Through these contributions, this research aims to enhance the safety and efficiency of
UAM operations and establish a technical foundation for developing a new paradigm in urban

transportation.
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III. Proposed Method
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Fig. 1. Overall Framework

2. Dataset
2.1 Data Overview
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2.2 Detailed Data Description
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Fig. 2. Data Labeling
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3. Model Architecture
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Fig. 3. LSTM Model

3.3 GRU Model

LSTM (Long Short-Term Memory) 222 A|AE T
olHE aifNog XY 4 UL F 7] HE 7H
o}, LSTM9] ofg] Alo|Eet A JH| 5 o3 /d 945
olsto] W mEfuE S L e 2 ot ol2fsh BAL =
= Akt @9t 71 sk AREo.g o]ojA|n, 53] & Al
AG ElolEolA AARE 5ol 9T oA 4 Sk

o2t §H|Z 32 35}= GRU (Gated Recurrent Unit)
[14]= st 22 <lsl ALt 58/do] &=t LSTMut
22| GRUE =0 A A& glo] she] ez AR S
A5, Uulo]lE Alo|EL} 2|4l Ao|E & VA2 AH
£ AR LSTMED 785t 291 GRUE ©f A2
njetolElz LSTMo|| J3sh= de= 23T 4 UoH,
ohs AN W2 ARgRE ARE 4 o Fig 4e
GRU 29| L2 E Hoj&r}

AolE Aol Ex A FE F LAl 24T JX]
Fozn =Hast golHE Z2iulx, Al Alo]E+= o]
A JEOIA 2 ast RS viAlste] Az miEof A

o E

U
u

v O -
ST 4 A=F St ol2fet Thaskd Aol HAUS
= &l GRUE 7] $44e atdoz X2sks §A
o At 2a4d<S A Fd A2 4 Ao

hi_y

Fig. 4. GRU Model

IV. Experimental Results
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Table 1. Model Architecture Configuration
Parameter Value

Hidden Layer Nodes 32
Optimizer Adam
Epoch 100
Batch Size 32
Learning Rate 0.001
Loss Function Mean Squared Error
Input Shape (Look-back, 3)
Hidden Layer 3
Output Shape 3

4.2 Evaluation Metric
welo] g5 e EAE HolEg ALgalo} o5
S WYeln, W AIBR 2E BF AT QAHRMSE)
2 A12sigith. RMSEE o5 QAP 242 715412 o
ofst= O] aapAoln], J=
o5 Hede Wolske o Rl w3 RMSEE A

A L FHE 7RIS Hizll % 2t siiA
S golsA 3t} oleidt 0|92 RMSE: 2 Ao

Aokl A2 o5 BEo] 45g Wk gt A A
ne MeEolt

4.3 Comparison of Models at Different Look-back
Periods
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Table 2. Comparison of Models at Different
Look-back
Look-
back 10 30 60 100
Model
GRU 0.0236 0.0014 0.0016 0.0263
LST™M 0.0838 0.1280 0.1391 0.1402
RNN 0.0289 0.0228 0.0289 0.0280

4.4 Model Comparison at Different Forward Lengths
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Table 3. Comparison of Models at Different
Forward-Lengths

Forward-

length 10 15 20
Model

GRU 0.0024 0.0029 0.0032

LST™M 0.1245 0.1241 0.1330

RNN 0.0478 0.0432 0.0454

45 Model Performance Comparison Across
Multiple UAM Aircraft
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Table 4. Model Architecture Configuration

Gl RMSE Predict(is)n Time
GSPN_01 0.0016 2.5227
RNGS_01 0.0015 1.8113
RNBS_01 0.0018 1.6103
RSRN_O1 0.0018 1.7096
PNGS_01 0.001 1.7688
PSGN_01 0.0025 1.4886
BNPN_01 0.0038 0.9811
RSGS_01 0.0014 0.85%94
BNPS_01 0.0016 1.1711
PNBN_01 0.0028 1.3537
Average 0.00198 1.52766

V. Conclusions
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