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Study on Air Traffic Flow Recognition and Anomaly Detection Based on Deep Clustering

RAO Dan and SHI Hongwei

School of Computer Science, Sichuan University,Chengdu 610065, China

Abstract Aiming at the problem that traditional clustering algorithms cannot capture the implicit relationship of high-dimen-
sional trajectory data in low-dimensional space,and it is difficult to define appropriate similarity measures to consider both local
and global features of trajectories,a multivariate trajectory deep clustering(MTDC) framework based on deep neural network
(DNN) is proposed and used for air traffic flow recognition and anomaly detection. The framework mainly includes an asymmetric
autoencoder and a custom trajectory clustering layer. The autoencoder is mainly composed of 1D convolutional neural network and
bi-directional long short-term memory to learn the feature representation of the original input in the low-dimensional latent space.
The trajectory clustering layer realizes clustering by calculating the Q distribution of samples in the hidden space. Combined with
reconstruction loss of autoencoder and trajectory clustering Q distribution,a new anomaly score is defined for anomaly trajectory
detection. The results of experiments using real trajectory data based on automatic dependent surveillance-broadcast(ADS-B)
show that the proposed framework is effective for air traffic flow recognition and can detect anomaly trajectories that are mea-
ningful and interpretable.

Keywords Trajectory clustering, Anomaly detection,Deep neural network, Autoencoder, ADS-B
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Fig.3 Landing trajectory at LSZH airport and take-off trajectory

from EHAM airport

5.3 HiEF4E

BT R AR B B9 B R — B, HAFAE D B2 (H A 4 A8
PR M A SR FH 8 0 O 28 2o B S A TR A 1 s IR— AN
ST E R LR BR A

LI B TE AR BR A B b i T A JE L PR AR S
VEHR 720 VLB U R 4 A TR O R A
T 128 A B A AT R AE DT AR A5 A5 1 B AR L
HoE T2 P AR . A 48 T WGSS4 AR R &R 1Y &
25 B 45 307 0 AR b R I X B0 B0 AT 0 — Tk Ak B,

6 LBIREER

F g F A Python 3. 6 JIA S FEIR T, LT 5 446
PyCharm CE Ml Jupyter Notebook. Z&iCA% e i it & & MAC
OS Monterey Z%i .4 % i5 CPU.32GB N77.

6.1 EfHIEHR

X T LS bR A B B A AR SOAS I TE M SR 2R AR AT
fRFEARA AT IR ISHOR T . w58 0 RIS AR By B S
BB, W B 2R K (Accuracy, ACO) BEAl MTDC &
FKMne .

i 1y;i=m(c;)

ACC=max —

an

n
Her,y REHTIRE, o BRESWMOE . m WREHRES
L ST 8 22 ) ) B ST BRI
[RI A . 38 3 4 o 1k 5 15 B (Normalized Mutual Informa-
tion, NMI) ¥ fiij 7t 58 248 45 3L R L 50 45 45 [R] (19 4R DG 1
I1(C,Y)
S LHO+ HY) ]

NMI(C.Y) = 12

Hi Y £RHEIE,.CRRERBRE. T REEFLER.H
W Hh 3 T A IR A O B AR SGE TR L
S REAS 1Y - 34 %6 B % % (Silhouette Coefficient, SC) 3 PF Al B
FROR
_ 1 bCep ) —aler,)
N 7 max{aCxrp, ) s0Cxpp, )}
HohsaCepp D RIRFEAR xpp, 5 [RIHE P9 HABREAS ] 197 2 1E B
bCxpp, )RR REAS pp, 5 B AR I 19 55 — % v g H b A A i) 1Y
SRR

SC (13

,sce[—1,1]



Be AR IR TR RIS A 2 208 IR 5 S kA T 5

125

6.2 MTDC Il &

A AEXTBR F g A 2% HE AT B 2R DT 3 I 4
B AE B =S R R IR FFIE RS o B i de DI 2 ad B LA 2 o)
a=0.001 1) Adam I fb &% #1710 4L , 1 28 MSE #{ & 174 A
i B 25 A9 A RE 7. TN ZRE AR B 1000 Wk bR R /MR
B 1000 B, T 4215 22 B 2% A 0B 28 Ak LA R T AR AR 11
AR 22 A A A 4 R

Distribution of MSE loss

4
2
0

Convergence of the loss

015

after 1 iterations
010
005

0 o1 02 03 04 05 06 0 200 400 600 800 1000
015
15
010
10
5 005 after 10 iterations
0 0
0 01 0z 03 04 05 06 0 200 400 600 800 1000
60 015
1 010
20 005 after 100 iterations
0 _-_ 0
0 ol 02 03 04 05 06 0 200 400 600 800 1000
75 015
50 010
2 005 after 1000 iterations
0 o N,
0 o1 02 03 04 05 06 0 200 400 600 800 1000

Reconstruction error Number of iterations

B4 a5 I b i B AR 25 40 A
Fig. 4 Distribution of reconstruction errors during the pre-training

of autoencoder

AR 2 W AR U B 22 i eS8, VIR B 1 000 YA
KA FEAS (1) B H R BB T 0. JC M B IR 0 Bk a8
U TIE B A 45 5 00 o (3R A TT L A N 5
ARSI . BIIZhad B 2 ) B AP0 IR R AE s R — 2 aE T
RAEALS5 . H T 0 3 — 2 T B A ) 9 AR AE R, A
SCHE A H AR R RSB A LFUN Z MTDC HE B2, 7] B %o
T 25 2 B AT IO .

6.3 BRI
6.3.1 LSZH M % it H3% %

Xt ¥ LSZH #Uim4  RASEM h W e 2 8. o T ik H
BIEM KL BRREGE 5 %l T k=5,y=0 M y=0.5
Aef B s B) A 2 T AR ARk b . WU, SRR W 5 A A A F
Bj 1k B o) R B ML A 2% T E— B R

.
- E) |

Cluster 0

60 24-72 «h
240427 6
312-354
20 ° 90-132 '

Cluster 1

Cluster 3

4 Cluster 4 * | &

2nd component on latent space
o
I (]
j ¢ B
g.
.1

2nd component on latent space

—50 0 50 =25 0 25 50 75
1st component on latent space 1st component on latent space

(a)y=0 (b)y=0.5

5 y=o0F y=0.5 mfEazas Al gy UMAP 7] 94k 3 He

Fig. 5
TR BN 2 1 P B s 18] (1) R AE R, 5 S50 A 3
RB AR  Seg R T v 49 0.1,0.5,0.7 FT 1.0

UMAP visualization comparison with y=0 and y=0.5

I 2234 1000 YOI 46 BRI S R 2 ACC (9 %4 He 455
3 BEO S 7= 0. 1 IEECR RO . T 8 B
S T R L SRR T 5 . P 500 1 2 7
B T 7= 0. 1 F 06 SR b KL B B R
B,

F 3y MERIEERA
Table 3 Effect of ¥ on clustering effect

Y 0.1 0.5 0.7 1.0
ACC/% 96.9 96. 3 96.0 95.5

MTDC # % 2 14 0.021 0.075 0.954 0.172
= F R E s b3 % % %

Bo6 2l T y=0.1 W ASRISEER, 0 T T, |
022 Wl 4 28 H Y T 500 A BLIE

2nd component on latent space

2 oA
Cluster 0 “
<
Cluster 1 2
0 b
Cluster 3 -
2 v Cluster 4
2 0 2 4 6

1Ist component on latent space

(a) Bz [l iy (-SNE a] $i 4 Cb) L35 5 e 45 24
75FL N
87FL 4436 108FL
ORI 82FL+, 4
{ . 3434 %
Co) AN [ 7 e 7 L3k %

B 6 LSZH L7 ISR Ll K FE R 245 21
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Table 4 Comparison of clustering performance of different
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UMAP+ k-means 87 85 0.47
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MTDC 96 96 0.59
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