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O BTINTE KUM@ S BRI 22 4 IS I A0k B B . B XA Transformer A
FERUE TIAT 5 P RN IR SICE 1S . BRI A KR ZE RS I, 1% S0 — Pl & e s F B A4
5% R B KIS A U A 8 (PL-Tramsformer) . %%, 3835 5200 5 U Ve B A X488 S 0 0 B, 51 AT
Bl P AR5 TR 028 155 R s RN R SR IRARRAE s 6 OO R R 3 A R BB R IE IR B R, SRR B X 12 B e 1)
& RRFIERAEAE ), AR Transformer B BUY OGIE U H &/ AF AR 8 Hok, @ik msy,
FBET 22 26 P ARAIE 5 D60 SRR IE B A OCIRE, F2 08 TRIRRAE (8] 1R PSR 0%, AT B s X A0z ) A IR TR . S5
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1 35l

FEG R TRN TV EAE AL IR 2 . AR E A BTk
im0 B R R PR, M DA SRR 1 7R
Ko AR IR S PRI ANAE T 2 B AT (R A P A 100
RIS, AT AR L B R RS ) e
WITCRENFTs Dy /R AT RABEE I 4 AR AS B2 7 A
LR L2 50 PR PN N — B 2 PRS0 A, X P
WIS 7355 28 T2 78 73 2% e K T 7 sk et xof Yot
AR LR 2

MTAEAR, VR 57 S BORAE NI U AT 55 vh 2 I
HERILH, Rl & KA HICAZ M 4% (Long Short-
Term Memory, LSTM). [T#{E 5% 75 (Gated Re-
current Unit, GRU). BHHZM % (Convolutional
Neural Network, CNN). f 5% FM %% (Temporal
Convolutional Network, TCN)ZF45 44 75 4b £ i} [H]
FPHVRHAE 7 TS T R AR . ik s 4 N PIZERH
FEH A CNN-L ST MASE R f 4R 53 47 B i % 8
(Quick Access Recorder, QAR) a3t 47 FrAiE$2E X
S5, WER T CNN-LSTMARLLE § ML AT 25 5
HAREL TR Ge 7 R A 2k W 48 N9 T-CNN
MLSTM#E @A R SEIL 1 (E 42547 Bl 5 S B9 e
BT ZE T s Nan%s A7l TCN-Attention-
GRUR RSN A A B 24T B 7T, RIMGRU S
TCNZ & IFRNIER AINLE G, BeA B T H
FRETRI A HERA 1 . 54h, Amin% NBHEH I EET

PR H . 2025-01-07; 2kl Y. 2025-07-10; PIZ&HIAR: 2025-07-17
MEEESE: WNl lyonardo@163.com

CSTR: 32379.14.JEIT250011

CNN-GRUAM3D-CNN HJ IR &R 5 SR AE4AD |
AT ATUZE T A AT T B R ) TR

SR, LSTMAMIGRU S A A7 7E T S ALK
e DA AL BEA IR [8] 4R 55 1) 2,  CNNANTCN ¥ BL
i VAT EHE 1 4 R B S REIE . Transformer 2244
S AE L B AL 7R A PR A I (A4 0 R AT HAT
A AL 5 TR AR5, W 51 NS 2 F) 493 010
WKumariZE N\FTERE 78+ #E H f TrajectoFormer,
¥ Transformer N H T H 2 25 B 22 485 (1) T 28 T,
F gt T — N T Transformer [ 259 £ A, I
TESEIG IS TR R YE; [FIBT, Sahfienya
S NUERT T TransformerfE 5 2838 1@ 5t R S HT,
TR T AZAE AR 22 L O T R T

TrAISformer!" & s f 4 t 1) — Fh & ik i
AT %5 W ) Transformer B B 4844, HAE AT
Pt FHUAS 7RO TR, R K
FIRTZE 7 5t FRIMAR . {Hi&, TrAlSformer
BT A 3 FE A0 50 11 S 0 ek A 22 R PR AR A1 7 THIATS
B, BB 2 4 R HOR RS R 1A 12
F=3 8]

A, AAETrAISformerti RUSEAY FHEH T
— L T R ASURIDE A 401 2 R 5T A BT A3 o A
4 (Point Loss-Transformer, PL-Transformer), i#
B RN € U E Bl A X AL, 5INRE
TR BRI 535 DR A ) SR BRARRAIE , BB A R AIE
HHAREARFE BRI, S A X I2 Bh i
TE ()4 R R B R /T, fig R Transformer & YA
RE VML H & R R AR A 1 e s[RI, ol
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e
HE

i AT %

WA IR R, BRI R 4 BERFE 5 M rR
AEAR AR DRIE, F2HEAN [RIRFAIE [B) () IR AR 0, AT
P& 0T LR I TIOIRG B . SIS S5 R K M, PL-
TransformerfE 2 BPTFAN $E A5 _LIC T TrAISformer
PR GRUBRRILSTMAER, ACJE/R T PL-
Transformer 7 i 128 T AT 55 H 1R FH 7 77 o

2 PL-TransformerfZ&Y

2.1 EREEH

{EPL-Transformert 4 /1, fip 28 FOMAE 55 M JRI
VA ] R A R 22 Ay A, KRR ()25 ) a8
B R AE 4 9 AT T . w17, PL-Trans-
former 5 BRUKE ) 50 0325 F1 B S A 328 % ot i S 4 (1)
HH IR a2, O 32 [ A TN 2 ] H g A
B R0, TR B MR S I SRR A A R —
M, FoRBIA TN S R AER . AR A @R Rl 2
5328 [ L P ot R e A Y Ay ) 25 SRS mT s, SR )
K AR e e R 1R Tt o

PL-Transformert5 A 3= B FEHR K AE M B
TRARER . BTG R I RHIE TREALE . Transformer
it Bk AL B AN 2, R TR
AN
2.2 BUEFERER R~

TEMUE P A0, — A% o A R A2 AT ) FH %
WENEACE 3 S e e NE R AN E A = =R
Rk, RSO S SR 120 B R AT M RN
P () B i e P SR 1) B v 4 R [ ) R
R RS A B 1) 22 R ) R

B R E R B 3R 7 B o2 S8 S G 0 e,
W AT S T E ) One-hot it M & h, , A5 H
i Embedding /= W B BN m 4k Wi 4 ) B2
[He, ', F4i A Transformerti B, FHE T —H
ZIHIFRINE R 73 AT pyy > A0EI2BT7R

(1)one-hot#ufih: JR 4GHHE H 1) B B (B
FRALGRE . R FE R IR ) # Rk B8 SO BAS R 1 X[

—_—— — CAE X
--------- HLSAL %y
x x x DUUALE *

@ % % % %
X X_8_%8 %
NAE-B.F %

YARAR

XA b

K 1 PL-Transformer#i B T i 72

x, la,‘tt lon, sog, cog,

N
h, || I || ||

l l one—hotl l
e, [ITTTTTTITITITTITITTITTITTIT]
Embedding
Ve ~
Transformer

Vool

P [T TTTE ITTTETTITET]
AL AN

lat, lon, 808, cog,

K 2 BRI B R

FHEEH None-hot il R . WIRIEEIE S Nz = (lat,
lon, sog,cog), RF(EEE. A, EE. i), ¥
B AR AIE 42 R T 1) X TR) R 47 B BUfb b 2 . 45 2
H A B at 7 B Ny AN X ], HoRYEEEF R, ik
G JE I /MEN10°, BRI N15°, FRRR0. 1R B
AT E G, &R 5 504 X A YE A .
X TR REAESE B, AR i I S bR BB B Ak 47 B
T FHOO L) B X () g ' s ol X R T 5
JE 06 B5CH R 0 e 4 — A B i 4 P [P one-hot 4
[EE.ZN
hy = (', ", B8, hy™®) (1)
(2)Embeddinglal &: FEMB BT RE, B
AU N Z Embedding K 1 6 B4 1 F00E il 5
Bl —MMELW S g R ESE, EERARE. KA
R LLRIR A
e, = Wihy] (2)
Hrp, W REMFEFIRAR R, 8 —#AE,
BT R A0 #2558 380 R ) 1) v 4 T i 25 )
W2, BRI E e = [ent, Clon: €sogs €cog) 1 TE N
BN, A5 3] )5 821 Transformer i 78 v,
DU HE A2 E 0 1 2 R AR A A AOR OC &
2.3 ETHBLSHEHELRE
PR AR AR ST R 1) 2 AT ZE T 2 ) iy T H
PR A DT (R T M R A AR, L BT B 15 e 1K
T ERAEW, Fn YRR SIS R Ig &
Ml O BHESHRIEGE, 807 FE3F HirfEk
ITAESS Xk P ) BB SGENT R . AEEUE B KIS
BN, RHUAAE A S ATAT Pl B U SR 25 5 R
BEAREEE, FET AR, 2GBTS
MIREAE TRESGEE, 51 NBAR FREAE SR 3G A% 2 X6 i
IR A R R E R HE 6 /1, P TransformerfE
FCE I AR AN DT B B g R IR AR A 1 ) R
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% 8 1 FitsE%: R
HART S, AN EE SRR, Bl 7P E
B YESE -

(HBEPGE SIS & X% e, = (laty, lony),
THEREAN I A5 DGR A 2 TR R IR B, R ok
RSN, B R 2, 5 %R g 8] ) d BE B T
BN

di = [|@; — a4, (3)

TZRFE F] LS B A2 B A S B A 5 ) H A A X
TR R, TG SRR I 4 RIS B
HHIAH L RE

(2) BB R HIIT AR e 9 Tk — B IR AT
XA TT AR PR RE 1, ARSI T JT R A
FRAE. B 56, HREHRTNULE S, 5 AT — L
mi_lzl‘ﬂﬁﬁﬁﬁrﬂ%vi

- loni_ 1) (4)
B g Z A

Vi =XT; —XLj—1 = (latz

KI5, HEAHTATL S e 5%

- lati_l s 1011,'

ﬁﬁﬁ%ui
u; = xq — x; = (latq — lat;, long — loni) (5)
T3 540, %Tm S, A, Al UEE e
BRI
U; - Uy
6; = arccos (H'Uz|||uz||> (6)

B BRI RRIE G AR, PL-
Transformer G815 5 4= THI 035 $2 9028 2508 1) 42 =
1B 577 AR, AT — P B AL AE A
IETIAT 5% e e S Ra e v .

R EFTAN, AT T s a] s AL MR A
AFIBIS, MUk e, GRS B G AN REAE, 2 A2
HEPDGR AR BE S A TT [ A B S BRI EE &
MT71E M, nEBETR.

2.4 TransformerZE#s)
PL-Transformer#s 8 1) 45 44 i 2 A58 7 L%

P 3 L T 2 ] o F M o

FEAAFERANJE . TransformerZmid 25 i )= o
B, RN B ASE T = 4ER R A\ E Tran-
sformerZmf#$ . Transformergmfi#s £ )2 W 4%
He B2, F—ZEAE 2 Sk BB LA 5
MM 2%, He g [E) I Ak 3 4 N E0bE 1 BT A B TR 2P
Ko, AT Al 442 A 328 P K R T 44 50 R R0 6 2%
I RN FEA I 2 JE Transformerd i &5 40 3
Jii s BEALK IS — N 4B B B A TN AR A
555 o

Transformer N 255 — EAE N —/> B BIEBLA,
KT 23k A= T IHLE

Attention(Q, K, V) = softmax (?2;:) v (M

o, Q, KM VERNTIIRLHERT, d 2

i}:[ﬂ'ﬂ/@#j@]\ ER—ZH, BNT YRR
B VR, I HE R TR R R A VR
IOACH,  H Hp R E SR IR B I R] 5 A DT RR ) &
1% S AT I QAN K s A AT softmax it 5, I
H— LAV, R B 2. Q, KA VIEIZRI B it
HIS R IATHAT, HIHTR R SRR e [F)
B Z AN LN ZI R R G R

Transformer ) i & Z i th 2 — A5 (1) h
hAHFE4EE I & py s /£ F—1H, ¥ERPL-
Transformer B A WHAH FH X A R AT I 2k
ek, DASEZHLNT AR SRALE RS T .
2.5 BLEMmikER

PL-Transformerti 8% 5 45 £ 145 AN R Ak
FHAZ U Rt AT A . LA R R AR TN

LY) = CE(hq.py) (8)

Hrr, h,Rox HERERE]2DtH one-hot gty , p, 3%
SRR I [R] 55 €65 7 () T A 2R A

TE2.37H, I T HASEIRR-E: 2% 5
(PIRE S AT R Ao BRI, FEARSCH IR AN i 3G R AE
PR B R EES 5iHE, Tl &5 S
TR IR B AR B AR AR Bt (1 J5 A4
AR, PR R L0, TR

neW = CE(dt latt) + CE(Ot, latt)
+ CE(dt, IOIlt) + CE(0t7 101’1,5) (9)

2% |, PL-TransformertiBIZERFANKE ST,
G 2R A5 P 4 ﬁﬁﬁ*@?ﬁ?ﬁ%Lg&%D%ﬁi%
fE 9 L, o 7EPL-Transformerti B i, i A\ £
BEONUESE: A, WE. Jrm. BRI
o BB R R 6N ERE, (RS
[F A2, R AT AR S R AR I & 4 B
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o

=]

e
HE

i AT %

TEFE R XN, TETE AN ERE A T 544
FE T . A IBEE T  R AN
L0~ 18 3L 0
#EE FiR BT, PL-Transformerti B 054 CHS
MR

3 SWERS5S

3.1 LWIMESITFNERR

ASCAEH 7 H SR H S A R AL # (Auto-
matic Dependent Surveillance-Broadcast, ADS-
B) KM B 4 TrajAir I H i 1111 day ¥4,
Z0H B Air Labdefit. 28Rl 7 KE L
FERAT R P LS R, BAEE L (longitude
and latitude). HiiE(Ground Speed, GS)FIfi M
(Heading) %A FHIE. TrajAirii e &L 2% -
R XA R, L0 — > L TE T8
My, ST EAFEREMILZZET LAIE16 km, H
P WL e B AFT s, EAR S, SCHI %
RN, R LR RTINS AL E .

BRI TALH, Rk T IR, %
[i5] 5 B[R] [B) B J2E AT SR A . A, #%HBPL-Trans-
formerf R K75 3K, HAMTH T A HE f %R

% 1 PL-Transformerf&BIE %

e WS (o}, ABMBHG, %31%y, HHKKR
R, #[¥sog, J5lAffcog.
it BB SHO.
for x.z, in {zo.1} do

[/ RYEELAE, THES M S AT EE B AT [

d{i\v 9{\ = Riat, Rion

for ¢tin 0: L do

// XA Z [ E T one-hot 4 i

h¢ = onehot(Ry,¢, Rion, cog, s0g, d?, 0?
end
// embedding#fid Fltransformerti !
e = embedding(h¢)
p¢ = transformer(e¢)
/] BRI
loss =0
for /in 1: L do
loss = loss + £(ht, pt)
end
VR A
0 = AdamW (loss, 6, xg.1.)
end

Return: 6

Y (km)

-9.6-6.4-3.2 0 3.2 64 96
X (km)

Kl 4 TrajAir 844 AT AL 7R

RURIEE B AN ) FAE OB R AE . B B SR R
S NIINGREE . BRI IR EE, R4 Le sl 43 0l A
70%, 20%F110%, = >]1Zy=0.000 6.

SEIFERTX2080-Ti-16G &A%+ 16 GBI AE
640 Windows 10¥4F KRG IAE N ilb1T, REF]
HEZ24d FlPyTorch 2.01, CUDAMRAN11.2, %idh
T EAHENumPy M Pandas 5 £ 45 AL B

N T B FPL-Transformerts 4 £8 A 728 T MAT 55
RS, ASCEH LR 5NN a5

¥)J5 1% % (Mean Squared Error, MSE): HT
PR B TG 5 1 SEAE 2 [ P 5 ZE 3848, b
TR AL, AR (11). He, §FR
TR 0TS S E g, RN TZE A B s B

1 N
MSE = = > (3 — v)’ (11)

i=1
P48 %] % 22 (Mean Absolute Error, MAE):
i BT FNME 5 HSHE R PR 72, B{E ik
NIRRT S B, AN
L&
MAE = N;mi ~ yil (12)
o 4505 1% 7 (Median Absolute Error, MAAE):
TG 5 Bl 2 ) 22 e A g, o W AE AN an
SFHMERUR, BeERRE H ERERE, AN
MdAE = median(|y; — 9;]) (13)
B RE(R?): A7 BRI o) Bt AR S 1 D R
FESE, BT 1R on R R R R s, A3
Z (yi — Qz)z

i=1
n

Z (yi — ?71')2

i=1

P4 43 b iR ZE (Mean Absolute Percentage
Error, MAPE): F/RTME 5 B I8 8] 1) 2 57+
B, SRARZE AR RN, A TR VP R
ZHBIRIER, ~X N

R*=1- (14)
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Yi — Ui
Yi

100% —
MAPE =
—>

=1

(15)

3.2 WM AR

N7 AP PL-Transformer i 8 £ £ 45 4€ |
IV SIPERE, A SO IR AN BEIE 453 2% (1) 22 A ke 35 3
AT TR, IR e RS H R A Tr AlSformer
HEAT T X E . ax e oy A7 3 TR R I 2R A2 H ) oss
Mg (EsRR), HEE T EEMEE ok ER
PR ()R B

TEVIGERT B, PL-TransformerF%t PRI Tr AIS-
former#B I\ — N = I SR a2k G IR B R B, 2
B B SR . AL 2R, PL-Transformer
PR T RSB, WG BT, R AR
KREA R FBOEIATEE ERLEL, (HAHR
BRIEICT B (1)1 2 R B PL-Transformer B FE IS Sh M
A B T TrAISformer i Y

A, MESH AT BLE 1, PL-Transformerf)
TR M A28 2050 R REIA BB I AE, SRR 3t
A LS IEAR T 2k, T TrAISformer s B A MES05E
FINZRA Be b BEs R TAE . XAV B T PL-
Transformerf5R K YI ZRF e P, 18R BIZAR Y fg
i B AL S E e, AT HE AR A I R P

R b, RHARHINBEIRRES, PL-Tran-
sformer % Y 75 e SICTH FE AT ZRfe kb (1) R ILEAR
T TrAISformerfi B, HA B 4F RS2 AU
EHARRIRE

3.3 FEHATUNAE E A

7T vl PL-Transformer A58 7E K ATLAI AN
FUZETRIAT 5 RS FE SR I, AR ST L T PL-Tran-
sformer, TrAISformer, LSTMFGRU 457 ) il
Mg 5o AR EE b B 247 2 O T
FERETF Z IR IAT TV EANIIRS FE o b . B 1
VA TR ELHE: ¥WITIRZE(MSE). P4 xRz
(MAE). Hfigixtizz (MAAE). e ZE(R?) LA
KA SN H o iRk ZE (MAPE) .

TE R UEAR AR R AL AT, PL-Tran-
sformerfi7Y 5 TrAISformerts BY 1 5 R R IUAHIT,
HEZEIFFLSTMAMGRUBA, HARRI W T
(HER, ATETRER, £XEITE TR
EERIEINT 0001, PREASAL/ANEL, WR1IFTR. )

TEMSE (3 7% %) 7 i, PL-Transformer Al
TrAISformert A IMSEME %A 0.122, KT CGRU
B )0, 18 7TAILS TMAR AL (170.255 . iXF B Trans-
former AR T HoAt P PSS B S SR KDL A RE T

TEMAE(CFI 48Xt %) J7 i, PL-Transformer
B IMAEAE 43.172, B8 K T TrAISformerfs
113.130 2 K T GRUAE AL 116.484 FILS T M A2 1)
12.695, iXFEBIPL-TransformerfiZY fEF MAETE bR
ERIRE I Sk, B LR A ZEEAN T

EMAAE (A2 4% % 2 ) J7 i, PL-Trans-
formerf B IMAAE(H N1.904, B KFTrAIS-
formerf5 i A11#71.889, W ELTGRUBLAY[]4.874 71
LSTMAAL10.663. X E W PL-Transformer 154

10
10
s |
8
6 |
g 6 Z
Q & 4t
— 4 —
2+
2
ot
0
0|
0 10 20 30 40 50 0 10 20 30 40 50
Eipoch —— Training loss Eipach
(a) TrAISformerfsi7! —— Validation loss (b) PL-Transformerf%!
P 5 BRI ZRid loss Hh £k
® 1 NRIEZERIFNIERERRL(x107)
EEL7D MSE MAE MdAE R? MAPE
GRU 0.187 6.484 4.874 994.974 19.214
LSTM 0.255 12.695 10.663 996.164 54.235
TrAlSformer 0.122 3.130 1.889 996.628 17.817
PL-Transformer 0.122 3.172 1.904 996.426 15.317
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2 %

AT %

EMAAEfRbR FBIRE IR A et 2k, (HJLF-mT LA
BWEASTE

TERY (W RE)J7 1, PL-Transformerfi Y 1]
R*E5996.426x10 3, WK T TrAISformerts il i)
996.628x10 %, [FI, AFPERIEGIEITL, XK
BH AR P55 2 S A AR 7 f e P AT 2% 1 # HL A % 44
PR R R R

TEMAPE (V240 | 7y ek %) /i, PL-Tran-
sformer Y] MAPE{E N15.317, B&/NTTrAIS-
formert AL f) 17.817MGRUBER[1719.214, &E1K
FLSTMAER[]54.235. XKW 5] NBEA IR
PR %L, PL-Transformerts B 7E N IS AR % 22 BF
AN, BAEE SRS,

JH X RO LA £ 1R R B T RS A B, mT LA
EH, PL-Transformerf B 7E BARTMAE E F 5
TrAISformerBi M RIMEE A REF—F, fEMAPE
febr EBAL T TrAISformerti B, ZEMAE, MdAEAF]
R*ehr EWEAK T TrAISformerfiAY, Wi{E N H
FIMSEfEFr, WHERIMAANR . XEKH, 50N
RN 2K B HR A S [ PL-Transformer % 54 76 AH Xf
RGP E B SRR S ), R T
TrAISformer 5 A 7E 5 2% it 128 T AE 45 H R 4F AR
€ MERE
3.4 KHAFUN AT AL S0 4

AT BB M HE 7R PL-Transformerf&E B 7E KL
RZE TAT 25 R e, AR SCREAT 7B AL T A 2
5 ST T e nTRA  Afr IR 2 ) (A) 25 T
A8 4k, JE7s T PL-Transformer 5 TrAISformer
R Ry e S

ASCEIL T AR 45T %Mk, 4 PL-Tran-
sformer i 4 1 FII A28 55 B SE LR EAT 1 X6 B AT
AL, R E6HT R, o i AR LR,
B GAR TS, AHRIUEB A A . 25 R 5
7, PL-Transformert$ 34 (1) TN ATZE 7E K 2 50X B
X PR L SR, AR ) AE TR ) R AR Bh A AR AL

[X 3382 T HH 2050 v TR 3 B P ARG B, 0 T 1T B B
WFRIFERI R4

22287~ T PL-Transformer 5 Tr AISformerfi %4
TEHFKIHATNIAESS (1~3 h) P R RAE, 45 R RPL-
Transformer [+ BA T #E A P4 A8 T Tr ATSformerti
#, EAKKRE, PL-Transformerf&f 1452 M 2.058
(1 h)3n#5.561(3 h), HHELZT, TrAISformer
BRI A 2.160(1 h) BN 3] 6.145(3 h).

3.5 BIE)EZE S

B )2 2% B AT e 3/ BB FE . B N RRAE
FIALEE . Transformergmhd#s vt 5 LA BCA 2R 1T
5, Bk, HEAFIKEN, RAZEEdLL K Tran-
sformer ZH LA 7%,

TrAISformer# B4 (K1 7] & 4% & £E H #E Trans-
formergm #5112 Sk BVEE IMLE L, HE—ER
WHERERENON? d), WM EITEEREN
O(L-N?-d).

PL-Transformert& 8 5] N\ 7 FE B FJ5 [7) A A
BVRHELERE, A AFFIEMAN T RG4S X —
A T LR JLANJT T :

(1)FFAE AL B A2 3 3 0 R Ak e o iR N 2 Bk
SRS, S5EMERHE— BB . H
TN RN R IREBEFERZOWN -d), FNFHIESE
F5£ (A3 TR s BT ) 52 2% B () S AR /N

(2) Transformergmfd &5 (1)1 5H: BT FEIHHE
BT R YK N R NGEE d, i NRRIE
3G I (4~ 61) A2 i 2 2% TransformerZ i &5
FIEASE, R R R AR TR 2 AR AR PR N
O(L-N2-d),

(3) BB TR MUl 5 PR B R AR 4 4
(LR HPE. i) FUH R IE (PR . TR )
IR o B SR T B R AIE 401 2R 5 ok T AU B AP
B, HHTHMRITENEREETNOWN-4), 5
TransformerZw i &5 1) & J BEAH L, BN R TH
CROPSEEN =R A RN e

1.0 v+ s \ 1.0 —
08 | 0.8 \
\\f‘\“. \\ \ \k
g8 j g 06 \ ‘
>~ 04 | N >~ 04 ‘\I
[N i,
i | S LT
02 N 02 A g
ot | L ob. .
0 02 04 06 08 1.0 o 0 02 04 06 08 10
0 ce e i oE
X (%) - HHE X (%)
(a) TrAISformerf5iZy e e TN T (b) PL-Transformert#7

6 AT B FT LA
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%83
< 2 KERTUN % 88 (km)
Ry 1h 2h 3h
TrAISformer 2.160 4.195 6.145
PL-Transformer 2.058 3.815 5.561

2¢ FATiR, PL-Transformert BILE 5] NFFAE L
FEAMBCE UK E G, BRI T 8s 5
T2, AEKTHEAAR I (0] 52 2% B A 7= A iR 3 5
I, HEa it EEREVIRIRFF A O(L - N?-d),
5TrAlISformerfi il —F,

4 ZEFRIE

AR SCEE ST TRIAT 55 R AFAE 1) R A B A RFAE
5P A A, FR T R T R RURT S K bR
AL PL-Transformert 8 . Ji ik 51 N HE B 577 1]
AW ITFE TR BT B A TR R B, (1SR B
% T RO ) S BT B P i S (R 502 Bl
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Long-Term Trajectory Prediction Model Based on Points
of Interest and Joint Loss Function

ZHOU Chuanxin JIAN Gang LI Lingshu YANG Yi HU Yu

LIU Zhengming ZHANG Wei RAO Zhenzhen
LI Yunxiao WU Chao

(Southwest Electronics and Telecommunications Institute, Chengdu 610000, China)

Abstract:
Objective With the rapid development of modern maritime and aerospace sectors, trajectory prediction plays
an increasingly critical role in applications such as ship scheduling, aviation, and security. Growing demand for
higher prediction accuracy exposes limitations in traditional methods, such as Kalman filtering and Markov
chains, which struggle with complex, nonlinear trajectory patterns and fail to meet practical needs. In recent
years, deep learning techniques, including LSTM, GRU, CNN, and TCN models, have demonstrated notable
advantages in trajectory prediction by effectively capturing time series features. However, these models still face
challenges in representing the heterogeneity and diversity of trajectory data, with limited capacity to extract
features from multidimensional inputs. To address these gaps, this study proposes a long-term trajectory
prediction model, PL-Transformer, based on points of interest and a joint loss function.

Methods

interest and a joint loss function to enhance long-term trajectory prediction. The model defines the positions of

Building on the TrAISformer framework, the proposed PL-Transformer incorporates points of

points of interest within the prediction range using expert knowledge and introduces correlation features
between trajectory points and points of interest. These features are integrated into a sparse data representation
that improves the model’s ability to capture global trajectory patterns, addressing the limitation of
conventional Transformer models, which primarily focus on local feature changes. Additionally, the model
employs a joint loss function that links latitude and longitude predictions with feature losses associated with
points of interest. This approach leverages inter-feature loss relationships to enhance the model’s capability for
accurate long-term trajectory prediction.

Results and Discussions The convergence performance of the PL-Transformer model is evaluated by analyzing
the variation in training and validation losses and comparing them with those of the TrAISformer model. The
corresponding loss curves are presented in (Fig. 5). The PL-Transformer model exhibits faster convergence and
improved training stability on both datasets. These results indicate that the introduction of the joint loss

function enhances convergence efficiency and training stability, yielding performance superior to the
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TrAISformer model.

In terms of short-term prediction accuracy, the results in Table 1 show that the PL-Transformer model
achieves comparable overall prediction accuracy to the TrAISformer model. The PL-Transformer model
performs better in terms of the Mean Absolute Percentage Error (MAPE) metric, while it shows slightly higher
errors than the TrAISformer model for Mean Absolute Error (MAE), median Absolute Error (MdAE), and
coefficient of determination (R?). For the widely used Mean Squared Error (MSE) metric, both models perform
similarly. These results indicate that after incorporating points of interest and optimizing the loss function, the
PL-Transformer model retains competitive performance in relative error control and fitting accuracy, while
preserving the stability and robustness of the TrAISformer model in complex trajectory prediction tasks.

For long-term prediction visualization, Table 2 presents the loss values for both models across medium to
long-term prediction horizons (1 to 3 h). The PL-Transformer model achieves better long-term prediction
accuracy than the TrAISformer model. Specifically, the loss for the PL-Transformer model increases from 2.058
(1 h) to 5.561 (3 h), whereas the TrAISformer model’s loss rises from 2.160 to 6.145 over the same period.

In terms of time complexity analysis, although the PL-Transformer model incorporates additional feature

engineering and joint loss computation steps, these enhancements do not substantially increase the overall time
complexity. The total computational complexity of the PL-Transformer model remains consistent with that of
the TrAISformer model.
Conclusions This study proposes the PL-Transformer model, which incorporates points of interest and an
optimized loss function to address the challenges posed by complex dynamic features and heterogeneity in
trajectory prediction tasks. By introducing distance and bearing angle through feature engineering and
designing a joint loss function, the model effectively learns and captures spatial and motion characteristics
within trajectory data. Experimental results demonstrate that the PL-Transformer model achieves higher
prediction accuracy, faster convergence, and greater robustness than the TrAISformer model and other widely
used baseline models, particularly in long-term and complex dynamic trajectory prediction scenarios. Despite
the strong performance of the PL-Transformer model in experimental settings, trajectory prediction tasks in
real-world applications remain affected by various challenges, including data noise, high-frequency trajectory
fluctuations, and the influence of external environmental factors. Future research will focus on improving the
model’s adaptability to multimodal trajectory data, integrating multi-source information to enhance
generalization capability, and incorporating additional feature engineering and optimization strategies to
address more complex prediction tasks. In summary, the proposed PL-Transformer model provides an effective
advancement for Transformer-based trajectory prediction frameworks and offers valuable reference for practical
applications in trajectory forecasting and related fields.

Key words: Trajectory prediction; Transformer; Points of interest; Loss function optimization
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