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Abstract: As air traffic has become increasingly congested, the effective mining of abnormal flight behaviors
can assist controllers to make decisions. Current methods can only identify abnormal spatial positions with
limited horizontal scalability. This paper incorporates four abnormal characteristics, position, speed, altitude
and heading, and improves the density-based spatial clustering of applications with noise (DBSCAN) by the
altitude level division strategy, the local outlier factor and the faster cover tree. Then, the density clustering
algorithm named density-based spatial clustering considering speed, direction and high level improved by local
outlier factor (LOFDBSC-SDH) is proposed to effectively extract the normal track patterns of airplanes.
Next, based on the normal track patterns, a track matching algorithm is designed to mine abnormal flight
behavior patterns, including flights’ cross—point time and above abnormal features. Finally, the effectiveness
of the proposed scheme is verified by the experimental simulation.
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R R S RATAT N, M DL B FLATL 385 o) e AR
OB XA it . T AE SIS A IR B AT &
gemy ke, ) 7 2 A A ¢ M L (Automatic depen-
dent surveillance-broadcast, ADS-B) $ AR £ B fiii 45
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THEEO R Kb i A AR E M E Ho
AT ADSB B £ 5 [l I TR0 A 5 i ok B
UL 30 2 [A] 37 A DG e 85080 1) o RAT AT, Ho e
WA AT A R 3Rk 81 %6, H R TE vk BE I H A
R S8 KATAT N o Gariel 2L ADS-B ¥4 o
(9 AT TR AT 6 A TR e 25 SOR R AE S AR A3
3 o SR A 5 v A A0 0 A ik AR BRI A Y A
AU 5 51, R 5 4% B A A W 7S g v ) 3 ]
% 25 (Density-based spatial clustering of applica-
tions with noise, DBSCAN) & i iy B 75 9 1 1) g
YU 5 WU , 58 W28 Bl 5 AT AT A e . E
A O L 0 253 TR AE R 2 O R 2 AR ke B IR
FUL IR AR 26 1), I — 20 3 ok g 22 R AROR B AL
RATHY T EREE . W RS T XMW EHE

JE 1] Hausdorff /B, 14 3 i 30k 22 4 2 Jm) &8 5 3
FoRFER R H RATAT R, S BT IE 1Y S H AT S A
EIZ A, F 2 0 22 4 R AE SR BORR R BE 2 1 A7 AR 1R
22, [F) IR 70 40 Jis 48 2% i I (] AR B i o Liu 457 1]
0 OB B o L 3 S 1 R P R L R A R
FH A R = AL 3 b Y R AR K N-Grams 58200k 4@
BOIE AT AT M R AR 1) &, 38 Il 2k One-class
SVM 73 e R BE R S o RATAT 0 HARTE ] T 1
LI Y 3T

5 E A5 I A A R 2 A SCIA R ik 2
At 2 A AE RAT B A R DL N PR B R R S e
JIT 3¢ 90t O 1 B A I S RV B AT Dl U . T A
A5 AL T8 B BE 2 B ML ERE A RN B A
R AR R SR AT AL 5 A A D 22 o
PRI A SO G 4 iy B L 1) R o R 2 TR
Ja S H DR O B P TR R 5 I R BE Y R
T % 1 5 257 ¥ (Density-based spatial clustering
considering speed, direction and high level im-
proved by local outlier factor, LOFDBSC-SDH) ,
Fa QML E B 032 A 2, I BB R X B[R] RRAE 5
i AT A EE T ADS-B i 0 504 i e s B = A
o 4 Bk Y A B BE AR S AR SCHI A AD il o
149 3k G ERF [oa] AR S R e SRR ) 1 O % 24 R J 52
Br i 728 5 TF 8 At 220 A58 X b AR RL 2 DT C 5 e 2 55 R
XJ S A% e RATAT M M B

1 EXREE

1.1 ADS-B i # &

ADS-B B 5 25 fife b A 708 B8040 A7 7F B4 ke
% T, SR FH o (1 08 9B SRV R AT SRR 5 17T X T A
S B ALEE, B ADS-B A R4 52 9 Bl Ak
T BB 4 R e RS BT AR . AR
& CALICAO WP - bl (B (8] (285 (4 &
S A B R P S N1 i = | B W [ N
AT UL, TRAILAY Py s e 2 — e s KA .

&1 ADS-BiEiE
Table 1 ADS-B track data

ICAO M5 Huhk: I} [5) MM/ (mes ') SHE/C) /() ETmE/C) mE/m
QTRE71-06alcO 2019/12/1 00:00:06:296 213.719 8 119.8278  32.2707  278.9141  9174.48
QTRE71-06alcO 2019/12/1 00:00:08:347 213.719 8 119.823 0  32.2714  279.7680 917448

1.2 EEMmTE#ER

AR SCE SCTRAMLIE H 0 A 22 8 AR Ty s T o
REFEIMMZAT , CHLLE R b o5 8] A7 1 BE a2
(9 25 (R 0L ', JF HLSR B A ] s BE R AR 5 0 R 1
(49 1F B AL A A — B 2 o Rt X TRML A
AT E X

S={Ty, T, -, T, -, T}

Ty ={ phspos vees Pl weeupi} - (1)

pr=Ad, X, ¢l hi, v, 01}
W SIS AT 19187 5 SN N R 3 R L O I W< P
BAREE R T, 60 T T, 55 i S s pl A & B A 26
BE @l 8 B 1 R b B o] R LA 1) 07 %6 B 3 e e
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[ 7/ 3k SR E] 2/ SO ARXT T4 K% = 0 S 2
PO, BUE T 1Ll 0~86 400 000 ms, i 48 T 2
Xb 22 1 A 8] 5 3 42t 98 B (Universal time co-
ordinated, UTC) #4755 4 . it [A] — 1E T 325 455 =X
KR —1 SRFEIR

1.3 REXITITH

JIEOR 50 RATAT o O RALTE B AT i
b, KB AE Bk SR R S TRDA R R R I B
JE 2RO 5 Dy 50 0E W A AR A S 0 AT AT, B
CATRIM S R 12 IEE MR A E L. I, 7
W ORATAT A S IR WO B AR A ROC R .

YT o Be AR B, i — 20 25 R AT AT
AR 53 B S R 18 S — CHLAT I AT
TR A IR 5 RATAT o S, WFRIZ K HLAE
[E 5w AT R .

2 ETADS-BHEHIEEMTHEK
= HX

2.2 EEMEEKXHREURE
2.2.1 #RMAFN

SEH AT T AR ol e BRI N 2R 3
(1) CHLZ A7 AR R RE A oo JEE 22 LI b7 A e
RATAT O, B [ UL i T S8 UL A LA
T o X B W U T BN (2) RBLARAE R
AR B B e R BT b T A S R R AT AT R
LR AU AL 2 e R R A R AT b L X
Jee UL 1] R o5 B SRR R B o PRI TE A A
PR EONE 500 v L T2 PS8 ML 10 1 g s ZERRAIE

455 DBSCAN $U 300 475 4l 51l i 1 340 s
G AT 2 TR A R R A T AR SR R AR e
FEL AL A AL 38 e R AT DRI o A SR UE I 4 SRR DS AR Y
TCER MR T L p WA BRI 5 2 B i% 26
TR A W P S I o TR U5 R T I B S TR A7
BRF . BE— AR 1Al A, iR R 1 e BT IR
IR B A i 2 A Y L, R OK P 8] B 2 4 DX, T g
JEJZ T B B by Z0 0T ] R AR AE . S A

T B ER,.,
S 9=0 "
A
%—E}?:hk %ﬁ%hk

7 Vobroy T

anl
~< {

BT 300 R ik 5 1 o A AR X Y B R

Fig.1 Relationship between track characteristics and nor-

mal track patterns

TSR by 5 T EGE T, W AHS T,
RAERIKCR . B, 38 i 5 B 2 05 R 3l 43 i b
AT DLR AN 0 B SRS BRAE . B AT, B AU 38 X
AL B ASFEAE AT AL, DR I 38 UL 6 2R s Ak 25
AN R S MU o e SR 288, BY T, 0 T, i AR 4
2o EATRI RIS (B IR oL 5] A B B R A
AIE AT LAAR G My DX 433 2 R , DT Hopm i A
[ 22z, %o T [ o % ml A 1) L3 R 30 R 1Y)
TR B RS S [l — 5 B0 T, N T,

A, DBSCAN T i IG IR &5 ) 2 it ik a5 2
) 4R JE OC F o T SR 3 3 AR 9 A BR IR B 2
THA SR E i B . R, o T e
JEE U 1] 0 77 B8 J2 R AIE T S 8 o R EG B R A
B BE AR SO 3 FRIE A ARIE R (K (2~4)) 51 A
DBSCAN B3k i 47 et , LA HGE T 1E A e
A 2 11 2

B <y by <y (2)
A { he b1 }C Ho
| v, —v,| <o, (3)
l0,—0,| <0, (4)

K H R @ ERARES b HE D TR
B 3 B B A PR T 2 AR (2) Y
PR ZS 28U 1 p) R pl W 6 F ] — 8 B 2 v, ml i
I 5 N by T 76 T 2E 4T DBSCAN 228 i Jo /0
TE = 425 [ A7 25 [H) B B T3, WA TSt ) . 3
B2 2 R SR o NG 1 29 FROR 2R3,
4) oo, F106, 3 5 Ay A RO I A . n] LA
WAE CHLME RE S H0% e, T HER B AH R € ATAT
AL A 2 o e A, B O A k5 (1) vl i s i) A
i £/ 2 558 MR AR B s ok |, & TR I
IE B WL A 5 v, 3 3 SR 2 R 1 i) N A )
i KON HA A R 2 5 40, DA e ADS-B 080 ) s (1]
SR TR AT T REJCEE X 5% . R, TR — 1E % i
A PR A7 A S ) AS ] 1 7 2 () AR BL A 3060
2.2.2 BAAFERT

BR A REB A 8] R, R AY AL a0 BB 4 )
TR AT AL E U P — 2 B Y S
3, AR SCAE BB UG e R BN B CAT T O A
DB, JE A ) DBSCAN B 54 55 5 R B 1 A
B ARH T S8 e Fl o N T ARAS R T 5 0 IE 5
e v A =, 4k S 7E DBSCAN (19 4B & ) 5] 5 & rh 5
A S ER 5 # B (Local outlier factor, LOF )M
Ird,(p)=

‘ neighborPts( p )V reachDist, ( p, ¢)

¢ € neighborPts( p)

(5)
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LOF,(p)=
Ird, (g)/Ird, (p ))ﬂ neighborPts( p )‘

(6)
X ¢ | neighborPis(p) | 1 p B 4B J& A B
reachDist, ( p, q) 7 p Fl p AR JE g 2 18] 76 % & N
p AT TR IS 5 1ed, (p) M AL A5, p B4 SR 3 AT
KEESLOF,(p) M p W EHHF. 4
LOF, (p) << LI, U p (1 J5y 3 v] 1K 4% i 5 HL 4R & i
TF A5 AR, W R JE A — 28 I, p ok S B
) S L AT AR
2.2.3 kB EMN
Btz b, DBSCAN M LOF W+ K LIEE 15
Bk FHRABIEXF G, i ] BUA w5 AN BRI A K
B i P AT EER o A SRR A ADS-B A £
Tt £ 00 e 7 2 B ST 45 R R [ IR A i A R i AR
(R B TR TR o XoF — AR 2 S AR T 7 AT RS a3
B — A — BT SR O FLI 2 3 A i 2
(1)J2 WAL BV &5 5 a I R IO (0 — > 56 Bk 4%
Hlevel(a). FFHXZE S a B F 4505 OFEAE 0T &5
LARK R
level(a)=1level(b)— 1 (7)
(2) B % A8 52 L covdist(a)= 2",
GES a ML TS5 S o BB W R N AR L R
d(a, b)<<covdist(a) (8)
(3) 43 B AR & 3 L sepdist(a)= 21
N aMIEEWA T80, 0, IR RN 244

(QG neighborPts( p)

d (b, b,)> sepdist(a) (9)
WA R g5 55 45 LA RO R AT AL, AR 45
RO B AC S A A A L BT A
ST AT 0 SR AL 5 AT I A AN A AR . S
T bR 2 AOHL I AT LR ADSB A 8 Al S X
1) — AR PR BT o
Ry T AE DR B A b A R A p AR 1R
4505 a T 45 S A M children(a), VS S S
N descendant(a ), € 45 i a B H 5 S5 522 18] 1)
SN R
maxdist(a )= argmax d(a,b) (10)

b€ descendant(a)

PN E el o N Y R i RT3
W p T IE B SR 45 . X p BT @ 4l i a,
TR LA A S 4E  a A T A5 S 0 Z B
FF 4B 25 /N BN KHE Y 5 5245 i a ML 45 58 6 N
FUCIE A5, p A2 AU R AT 2R

d(a,p)>d(a,b)— maxdist(b) (11)

A e W% T 45 R p TE R SR R — )2

W B s g . mE L, HETA 7458
PIAE R (1) AL 25 o p 4R T o R HiE SC
BRL I3 AT A, n 25 pi PRk 7 55 B 1) A 4 o i) &2 %
N O(logn), Horpr e Jyi &, — I 2, B X T
it A g B8 1 A R A0 T A R A 18 T G ) A %
KU Al FH DR B 5 R R 45 ) AR IR T B 1k A 4R 4
S B BSF ) AR

2.2.4 LOFDBSC-SDH % #*

W T bk 7 & ok DBSCAN $2 BiUIE 3 i
6 X 19 B BR  LOFDBSC-SDH, #1645 5 &
SR 2 R AR Ik 1 s . SR 2
T ek T e MBI P ARBRUE , 4% 2.2.3 719 PIr ik J7 %
b TN BL I U WE  2 IANE RVAS  R  EDE
KB B ADS-B i 325 54 B X5 1 i) 56 e P AT 5
(1= VA= P IRV AT g e e ] I 7 R
17 F0 18~28 AT 7E 4R Jm 48 R I 15 51 A JE 2 4 )
[P b ] ER JE 2G5 0, R 1) 29 3R 0, , 25 6 % 1
{8 o 58 B TR) 28 0500 1 98 . Bk 8~1147 2 F L
4B JE 2 R B s LOF A, #F i 5 %
Mo B SR S LA R IR BRI A L R
BF ) A7 AL 0 5 vh S A BR S AR 12~17
17 ¥ 4 B H mergeClusters J7 7% (34~4147) 47 1E
B SR M A I, B 248 UM B OE W AT
B

2 HEBEXNFE
Table 2 Symbol definition

HE E X
S ADS-B fifi i K 35 4
E R AR A
8, T 9 A
5, AU i 1 A
J % T
€ &8 JE 24
neighborPts( p) LI 5 p AT R A
C IE Wl AR
FCT ADS-B ML 725 FH5 g H ik 7 55 A
LOF,(p) P SR S H IR
corePoint Kk LES
N candidue T e 41 JE 2
#3%1 LOFDBSC-SDHH

Input:S,H,e,p,0,,0,
Output: C
(1) Procedure LOFDBSC-SDH (S, ¢, u, 6,, 6,)
(2) Construct the Faster Cover Tree data structure
of Sbasede: FCT;
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(3) Initialize C ={ ¢y, ¢, **+, ¢;, **+¢,} and corePoint;

(4) For each flight point p in S do

(5) p={LA ¢, hv0};

(6) Mark p as a classified flight trajectory point;

(7)  neighborPts (p) =acquireNeighbors (p, FCT,

u,H,0,,0,,corePoint) ;

(8) Calculate LOF,( p);

(9) TIfLOF,(p)>1then

(10) Delete neighborPts( p ) from S;

(11) Break;

(12) 1f ‘neighborpts( ) ‘ 7 0 then

(13) C < neighborPts( p);

(14) For¢;,¢;and ¢; 7 ¢;in C do

(15) If mergeClusters(c;, ¢;== TRUE then

(16) Remove ¢; from C;

(17) Return C;

(18) Procedure acquireNeighbors(p,FCT,u,H,d,,
0,,corePoint) :

(19) Define H={hy, hy, =+, h,};

(20) Initialize neighborPts( p );

(21) Search FCT to acquire the candidate neigh-
bors of p: N adidac s

(22) For ¢ in N pgame do

(23) I hy, h, €[ hy, hysJand { Ay, 2w} C H then

(24) If |0, —v,| << 6.and|0,— 0,| <0, then

(25) neighborPts( p) < ¢;

(26) 1f ‘neighborPts(p) ‘ > 1 then

(27)  corePoint<p;

(28) Return neighborPts( p);
(29) Procedure mergeClusters(c;, ¢;):
(30) Initialize flag= FALSE;
(31) For each g in¢; do
(32) If g€ corePoint then
(33) flag= TRUE;
(34) c;=c;Ncj;
(35) Break;
(36) Return flag.
454 LOFDBSC-SDH 5.1 ny B it 18 i F i 25
L BRIE AT Y, B8 e AT BUR /N K - (8] B L 1 2
B B A ) — AR I 2 30 B

3 ETRERENSFE CITITAMA
ST B RIS N AT,
BRI AR AR T B A 1 5 B

1, TV FE A AR S Pl 2 77 5 8 T 1E Al
R RERIC S AT AR S 0 AT T

3.1 fRilriy 5 &

A0 L B A AT A R AR AT S A R
SEH RURFAE B N 4 0 0 S5 it D I fY) 77 ¥ AT fE 22
W i 30 6 JRy FRRRAIE o PRI U, 3 A ) 43 %
0 SEZ il DG B LA iR 32 ) A8, ) B AT 68 R B R D i
B4 RS B 6 o B /DN IR 4K BE (Minimum description
length, MDL)"" & % Sy B A5 52 o 1 BT A7 1 5
FERAT L /N REFR R T k[ 17]
P& ) MDL 2 5 = 4e 50l 3l 43, R A S8 5k
R 2.2.1 15 5 A o )2 00 40 R s AR I IRD R 2
FHI ARG8T RE B 2 S 2P 4% MDL
SVEEAT R 4y, ARIBOZ T 00 A SR IE R 35 .
3.2 BEITITAHYR

BET RV LR e R ATAT R EER A
B AP B & . i T RR SR B EucDistance X4
5B SR 0 A% SRR, 2 2 B () RN B ) (] A 2%
1R, B A T B0 B A G R A 2
AR NFIE 22 S 1) £ B AT 43 B, >R F Hausdorff
P TR S BRI B S IR B A [ A
Tia) PR 3R 6 R A 7 g | DA A b T S R AT AT

Bk B, 25w B 2 400 43 F MDL 5303 43 51
BN FJGE T, ={ pi™, ps™, - pi" R 5
T2 Y OE W NUE AR R T = ph phe, e ph )
PEATVCRC R, 548 1t ] . R DR AT ALY
IR 2 2,=1,, (A T ADS-B £ U AL 5 4 ft A
N o WS =R N G A i R 1 72 I
Sk 2 vert i 1A B B AE 0 XTI 8] 22 5 AT 2
A, VLSRR LA — Bk 20 i B dis o Bl T, F T
A3 ) 6 B TR IE B (2, 20 )R (20, 2, B BE 2R 247
FER 7T~1017 15 S e BB (8] 52 )5 R )% 3 17 2 B Mt 0
Y L3R A, Y < O B, RN 20T AN
g [R)— B 2R (A s, BT DA E — 25 R AT [A] — B 48
T AR BE B, R, WK IS — I 1] A

BE AN FE AR R PE B b 5] B R 1) 2 5,
P M0 AT 1 e PR AR s (12) R . dE
i £ R A 48 BR G B, X (13) Fr s o 24 3 B A
FUT 1) O 22 8 3 B R BRI, BD /£, = 1, £, 1 BRRCEG B
BEERAH K RRMHEXWRR. RZ <
1, B AL 1 44 0L, Jb B A 0 79 A BRI 5 4 B
TR T 0 A5 Y 25 [R] 32 2 OC &R EucDistance
fu=

[.\, a [q, b

Iy, Jrlan
b

UV, T Uy
max s

6v

sl js Lap
g, — ;"
0y

EucDistance << ¢

1 EucDistance > ¢
(12)



868 Mow b

PNV S

i 53 4%

P A 2 30 (13~14) 44 15 P Hausdorff #
B A(15)

o5 — pi | = fio - EucDistance ( pi. pi™)  (13)
Hausdorff (T,, T;)= max min ||p; — ) ” (14)
€T, PLET,
Hausdorff (T, T,)=max (h(T,, T;), h(T,, T,))

(15)

A AR DL DT E 53 An Bk 2 R I A T]
I3 TE %% 5 JE 2 N 58 JLT 0300 AR AP DEE , B
S AT N

BiE2 R AH RLE DG PC s

Input: sub trajectories T, ={py",p5"™, -,
pf,',/‘“’} divided by height levels and MDIL, normal
trace pattern T, ={ pi", p5'=, =+, pi"}

Output: Hausdorff distance similarity measure
Hausdorff (T, T})
(1) Fort, . t,,in [ 24,24, [t,,2,] do:
(2) 1 ’ L. — t(,_,,‘ < 04y then
(3) Return Hausdorff( T;, T,) =max (Hausdorff

(T,, T, ,Hausdorff( T}, T)) ) ;

(4) Else

(5) If¢,, < t,, then
(6) Lo > Liass

(7) Else

(8) s ™ Ly pens

(9) Return infinite.

LE A ZE B s 1T 5, EueDistance ( p, pi™)
FRAFAT 25 1 1] B BB, I AN BE A e, T L O AR
FRAE D 1, ik DG 53 09 0 2 20 R Dy 2 A AL B
{8 Hausdorff (T, T;)>> e i, 5Z Fx fiig 325 N A0k A7 7
FH RATIT N . RZ N IEH

4 LIS

4.1 ZEWigit

AR 3L 1 BUAE 7R b IX 4 4 3 ADS-B B2 L BT 3R
Uiy 2019-12-1 & 2019-12-30 ¥ ¥E 5 19 1 776 207
25 SO B 10 AR R I B e 4 L, 2019-12-31
TH VB 5 56 572 2548 R 0 F 41 45 Sy il ik B 4 4 o
B 53T LOFDBSC-SDH 24 v ) FH I 25 504 45
TE B AT AR 5, e rp e USRI AKOF- T B 10 km'™,
W50, @ R AR Hik B 5% SCR[18 ], K 35 i
fir 1] 28 AR AE 19 e 3t 43 B, 6, 3100 m/s, 6, B 10°,
RGBT 00p=2 000 ms iz FH VT it 54 32 JE R ) it
BAE R R AT TN .

HJa R T B UEA SO R AT AT RS
R HERATE , BUE RS 9 2019-11-31 19 63 129 44

RCE B L (2 2 107 A A BE) Ecdls | %6 i 100 4
fiT BIE 1 v B B E AT Ay B Ay IR AR PR R
P M 3 55 CATAT A A A A, O 465 2 A 26
15 BRI 4k 2 45 35 B 100 A 0 BEABGH B2 At ) 25040 1)
AF ] Ak 2 v i ) S ECHE | B A TR) A Y e 22
SEH WO 3 T A A ) B 1 R 48 4 R R —
e, o B EARSE 2R 3, e R R 300 4 S H
TRATAT S 04 F FE AT Al o A R A BN 45
PR 0, 9008 IEH RATALIFE . 5 208 B30 TE 55 4l
B H IR IR R Y SR RATAT O 42 4 20 AL 2R
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(b) Trajectory of abnormal flight behaviors
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Fig.3 Characteristic curves of abnormal flight behaviors
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