BRI LR TET RS2 FF Rk E 5%
EFEAR, B, R

G AL

HAEAE, BHOC, BWE. SRR N ET AR F AR ERE TTELT]. BRERG R, 2026, 21(2): 529-
541.

MENG Xiangfu, GE Xiwen, YANG Yuzhuo. A seq2seq based trajectory recovery method under the constraint of
scenario road network[J]. CAAI Transactions on Intelligent Systems, 2026, 21(2): 529-541.

TELR AL View online: hitps:/dx.doi.org/10.11992/tis.202506009

ST BB B
WL (B A PR AW 5

Coordinate registration strategy in cooperative localization

BHER G 2A4R. 2021, 16(3): 459-465  hitps://dx.doi.org/10.11992/tis.202012015
P 1E RS IH AT B AL AR 5 30 fr

Technology research review on homing pigeon—inspired navigation

B BE RG24 2021, 16(1): 1-10  https://dx.doi.org/10.11992/tis.202009049
— PR AR P 2 > (1) % A8 S AR R B

An improved deep learning algorithm for road traffic identification

BRERGEF AR 2020, 15(6): 1121-1130  https://dx.doi.org/10.11992/tis.201811009
M 75 PR (432 Bl F AR ER B

Target tracking based on the fuzzy histogram model
BHERG AR, 2019, 14(5): 939-946  hitps:/dx.doi.org/10.11992/tis.201807033

BT NSNS R B AT AR 0 7 %
Pedestrian collision warning system bhased on looking—in and looking—out visual information analysis

BIRERGE AR 2019, 14(4): 752-760  https:/dx.doi.org/10.11992/tis.201801016
R HASCUER K TS FHARERER

Underwater sea cucumber target tracking algorithm based on correlation filtering

BB R G244 2019, 14(3): 525-532  https://dx.doi.org/10.11992/tis.201711037


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202506009
https://dx.doi.org/10.11992/tis.202012015
https://dx.doi.org/10.11992/tis.202009049
https://dx.doi.org/10.11992/tis.201811009
https://dx.doi.org/10.11992/tis.201807033
https://dx.doi.org/10.11992/tis.201801016
https://dx.doi.org/10.11992/tis.201711037

5501 %55 2 W B o R & ¥ WM Vol.21 No.2
2026 4E 3 A CAAI Transactions on Intelligent Systems Mar. 2026

DOL: 10.11992/tis.202506009
[ £& H AR B 3E - https:/link .cnki.net/urlid/23.1538.tp.20260205.1408.002

&= B W 293k T & T Fr 51 2 Fe S T Tk & 77 7%

SHAEAS, B, @R
(TTFTITARBRRF ETE5ELIRFR, TT AL H 125105)

8 EAE RS AR, OB AU B 8 BN A SO B, BB K G R iR A AT 55 A R S, BRI 2R
T i 380 s ) IR S Ty DR 22 3 Ao RS B R AR AR R IR B O A =, BE ZLTE BB S R AR Ak, SR
A R AT RS X PR BB Y GG, T s SRR M LM I 003 B A R I R R IR SUARAE R
Bo A, AR SCHRE H — i o I8 R 249 50T 35 1 5 51 B 371 9 028 Pk &2 5 ¥ (road network-constrained scenario-
based trajectory recovery, CSTrajRec), % J7 31 50300 iy A8 B i 25 450 J2 B IO B 25 R AIE , 38 1 ) 38 A =X 1 3=
ik o TEARAEES T, FH B BT A (5 B 1) 2% 80 0 SCAS | T B AT I AR T B PN A DX 3 o A B B, SRS FH B B
R P 5 LU AR AT B RIAR G o MRS 25 S — Pl 25 00 Fl £ B R R B ) B B A B
Y T8 S PR W o S8 TE 3 4> BB BE B T 0 A () SR A [ e 7 g 91030 1 S 30, 58 0 B T
A ST 4 L AR () A e

KRR B2 AT BB s Ol AE ; JP 90 3 51 5 1 s I 5 I s RRAE SR M [ B 3
FESFES:TPIS3 XEIREM:A XEHS: 1673-4785(2026)02-0529-13

5| AR ZEE, BHX, GRE. BEENARTETEIIFINNTHRET X J). BEREFR, 2026, 212):
529-541.

5| A& : MENG Xiangfu, GE Xiwen, YANG Yuzhuo. A seq2seq based trajectory recovery method under the constraint of
scenario road network[J]. CAAI transactions on intelligent systems, 2026, 21(2): 529-541.

A seq2seq based trajectory recovery method under the constraint of
scenario road network

MENG Xiangfu, GE Xiwen, YANG Yuzhuo

(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: In the real world, trajectory data grows exponentially yet remains sparse, making trajectory recovery crucial
for downstream mining tasks. Most existing end-to-end trajectory recovery methods under road network constraints em-
bed static road networks and coordinates into vectors. However, they overlook dynamic road traffic flow and neglect
links between drivers' travel patterns and the functions of regions/road segments, which are hard to extract from sparse
trajectory spatio-temporal features and road semantic features. This paper proposes a road network-constrained scenario-
based sequence-to-sequence trajectory recovery method (CSTrajRec). It inputs trajectories into a Fourier encoding layer
to extract spatio-temporal features and enhance overall pattern representation. In the encoder, each road segment is
modeled with text-based points of interest, road type, and regional traffic, which are then used to describe the trajectory
sequence for individual travel patterns. In the decoder, a novel segment inference module fusing distance and road scen-
ario information is designed for trajectory recovery. Experiments on three real datasets with sparsely sampled trajector-
ies at varying intervals validate the model's superiority.

Keywords: road network constraint; travel pattern; sparse trajectory; trajectory recovery; sequence-to-sequence; scen-

ario road network; spatiotemporal feature extraction; road segment inference
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Fig. 4 Candidate road segment screening
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3.1.1 #%¥EHE

{65 FH M 45 4 B R & (Porto) . HP [ PG 48 (XKii-
an) Fl A #B (Chengdu) Y5 4 Y B 70 50 B 4 %o A5 700 33
NS, Bin R 0 HARME B3R 1, 38 I I 45 il
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Table 1 Dataset description

Tt Porto Xian Chengdu
IS ] 25 2013.07—2014.06 2018.06 2018.09
KA [ 155 10s 10s
7RI} 999 082 3272687 6 637 561
R ESEIRINNES 3 805 4132 3979
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ZRREE (-8.637, —8.615)
LR A 3952
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B, T UR B A R ABE (IR R 15 s, AR SO 1] 22 st
[i] [) o A il A 3, 43 Il DA 240 s F 120 s AF B B
(i) 1] o X L s 900320 3 4 S SR AE, BT A5 380 1) 5 5
043 6T 7 D G 2B AR B Y 1/16 F1 1/8; Xian Fil
Chengdu 4 4, JE IR BT (SR AE IR 10 s, A<
SCiE 80 s Y [a] [A] B AT EE R AR, AR 2 1
BT Sy XoF 1 % B Y 1/8,

i FH Adam Pk &5 14 B AL A Il 2k epoch 1
BN 30, fibE R/NEE N 64, 2 REEN
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BEE N 1o 3K (2) Hr, B8 AN P o, 0 i 328 5 Bt
JEAZ BT 24864 400 m, 9 L UALEE S8y A 30 m,
BT A7 52 3 #4178 it 45 NVIDIA GeForce RTX 3 090
GPU [H#¥L#s L itE17.
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F G, oM GE W R R, 1ff DHTR J& —Fh IR B
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AttnMove & T 7 5 7 0 28 X 45 X 1% B 2 (]
B IR A, Z 0L T GPS M EE L, MTrajRec &
— o B I 1) 7 2%, 1T TR T 4R O
25 B AE SR UK 5 B, (X B I 24 oA R A 5
T T3S #1 GTS £ T MTrajRec #EHI , J2 [H Sy 3X #
AR [ GPS w1 D7 5 R0 A Sfe s 1] (R AR o

15 25 T X5 B0 B GPS A5 PR % ) 4%
15 B ANZ5 K 1 784> 9 1, RNTrajRec 78 AF A 804
R PERE I R BLER N4, AR RE NS 2% ) 45 52 B
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Ji R S 15 S I B IR B | S AT 2 v I B B
15 DL K AL POL s WL 2t 7 X i 1 o A7
W 2 4 P TE BRI, TR R I A R A AR
T b5 B B B B A o S I B R A
P, 1R RE K E AN RIS 50T B B Ay s
PR B, 78 TAF H A9 50 s 0 i B, T /9 3
T3 A S B A, X R P AR B X



AR, S IR IO 2 R TR 9 B 81 A B R A2 5 1

* 537

TR IR AT Nl RO B, 1 S i
BB AT D) 3l 245 b B Be i SRR, A
POl B R AL TS SR AR B . B
POI i B804t 77 OB RS AT F & 118 X

*2

5 ., X ¥ POI 520 & 5 K & F 3L AT R v
AR B o s POL A5 B Al AT gt A
T it 0% B 4y i T A 5 Y G RN R, SR I R
EARHET POIFLf

EARHEE LR ERELLE

Table 2 Performance comparison on different datasets

Porto (u=120s,e=15s, 12.5%)

Porto (u=240s, =15 s, 6.25%)

ik Acc Recall ~ Precision MAE RMSE Acc Recall Precision MAE RMSE
LineartHMM 03612  0.3923 0.4858 358.5 582.4 0.2947  0.2634 0.3581 573.9 649.8
DHTR+HMM  0.3897  0.5832 0.5721 275.1 432.8 0.3100 0.4638 0.4328 419.2 537.9
AttnMove 0.5189  0.6320 0.7336 189.4 302.7 0.4589  0.5678 0.6923 342.8 499.0
MTrajRec 0.5216  0.6556 0.7358 175.6 283.1 0.4831 0.6231 0.7251 253.0 456.1
T3S 0.5221  0.6387 0.7369 169.2 275.4 0.5001  0.6328 0.7278 231.4 384.9
GTS 0.5439  0.6414 0.7440 154.8 248.8 0.4712  0.6451 0.7230 201.5 348.8
RNTrajRec 0.5804  0.6518 0.7687 125.3 199.5 0.5373  0.6642 0.7442 175.5 250.0
CSTrajRec 0.5893  0.6663 0.7749 118.6 188.2 0.5408  0.6553 0.7506 169.4 244.1
Sk Xian (1t =80s,ec=10s, 12.5%) Chengdu (1 =80s, c=10s, 12.5%)
Acc Recall ~ Precision MAE RMSE Acc Recall ~ Precision MAE RMSE
LineartHMM 03440  0.4020 0.3862 535.4 842.7 03221  0.4339 0.4235 489.7 739.3
DHTR+HMM 04167 0.4518 0.5385 340.2 585.0 0.3829  0.4630 0.5627 310.2 552.4
AttnMove 0.6205  0.6557 0.7246 278.7 345.7 0.5730  0.6838 0.7632 248.9 329.5
MTrajRec 0.6424  0.6634 0.7508 256.3 312.0 0.6032  0.6721 0.7973 221.5 274.2
T3S 0.6820 0.6748 0.7634 257.9 306.6 0.5849  0.7023 0.7845 196.4 258.5
GTS 0.6548  0.6704 0.7602 246.8 319.3 0.5937  0.6938 0.8234 179.2 264.0
RNTrajRec 0.6790  0.6769 0.7835 193.7 288.6 0.6267  0.7234 0.8204 161.7 238.2
CSTrajRec 0.6881  0.6904 0.7776 183.4 291.1 0.6391  0.7328 0.8341 182.2 224.1

T MR IR, TR R IR .

R3 BIREAERMSE LRI RIER
Table 3 ttest results of datasets on RMSE
g Porto(1=120 s) Porto(u=240 s)

RNTrajRec 199.5 250.0
CSTrajRec 188.2 244.1

P20 113 5.9
it -2.36 -1.82
pla 0.009 0.034
12 (2=0.05) BE LTE
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Full 7R 588 1 . RIEATAE MRS BRI S8 SRR
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R R AR, 7E TR 25 HORS T B R AR
(MAE 5 RMSE 4351820 2 3.8% 1 4.2%) , 143
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B AR R sh i . X —25 R 5K 5 frR
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Table 4 Analysis of model components
AR Acc Recall Precision MAE RMSE 5 EEAGSTARL EFER9)
w/o POl 0.5879 0.6643  0.7752  119.0 1889 Fig.5 Visualization of model component analysis (from
w/o F 0.5899 0.6658 0.7689  122.7 192.3 Table 4)
w/o GAT 0.5842 0.6618 0.7734 1194 194.1
w/oCR 05878 0.6632 0.7728 1187 1917 34 BSEXW
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Fig. 6 Hyperparameter experiments conducted on the Chengdu dataset
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Table 5 Efficiency analysis of the Porto dataset (u= 120 s)

. SR X i al/
Fi A i 2 2 i
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