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A Target Tracking Method Based on Dual-Branch Collaborative Filtering Network
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Abstract To address the performance degradation in target tracking caused by insufficient extraction of temporal-
state correlations, a dual-branch collaborative filtering network (DBCF-Net) based target tracking method is pro-
posed. First, to achieve dynamic adjustment of motion model and process noise parameters, a non-Markov informa-
tion network and a state-related information network are designed separately to learn the temporal dependencies in
the motion target state evolution process and the local correlations among state variables. Second, a network weight
collaborative update mechanism based on maximum mean discrepancy is designed to enhance learning complement-
arity between the branch networks by differentiating their output features, thereby improving the adaptability of
DBCF-Net to unknown motion patterns. Furthermore, leveraging the strengths of Bayesian filtering and neural net-
works, unbiased measurement transformation is introduced into DBCF-Net to enhance the robustness of target
tracking. Finally, target tracking experiments validate the effectiveness of DBCF-Net.
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Dual-branch collaborative network block diagram
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Fig.4 Training data trajectory chart
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SHANFR 1 FTs. BE ) I g S R e e 7S s oA
ZEVU S I R B (R — 80 b, A SR AT iR
Tk 5 HA LM (IMM), KalmanNet /% Deep-
MTT ik AT R EE. 78 IMM 73k, 25l LLY @
R/R 2P (EKF) MLIZER/R 23 (UKF) /BN
FECPE A%, H O misai A 24 KalmanNet /5

TR S) AR R A g SRS TR | 5 P I O 22 00 4%
e B BEAT I 5.

3.3 EEBSHRINEGAET

SEIG N R AL T Python 5 5 5L 8,
Pytorch 2.2.1 FEF& &, fE 9447 /K 15 12600KF 4b 2
PP BEARISE RTX 4070 &R 58 ol R AT .
GRU Z%0R 3, Bk S KIE N 128, CNN B %
RSN (6, 3), BRI a e s BN 300, It
W E N 32, i Adam itk 2s, I REE N
0.001, N BEE N 0.9.

3.4 SCIGHERSR

ANTF) 7V 1 ERER S AT AR I IRAS 3 T AR R
7¢ (root mean square error, RMSE) £k K LA J2
B IR % (average RMSE, ARMSE) 18, & 5.
Kl 6 AL 2 Pros. BEAh, A8 308 2 i) R R 52 J)
ORI, DLE MR R & TR IR BRI R, % 2 B4
TRITERRERERE, R 2 WTRLE 1, Kalman-
Net B B8 A X2, 1% 5 1M LU BN %) H ki
B ERZAREN, FEOLRERVEREEIZE; Deep-
MTT J7VEAE H bl sl VB g5 i BRER RCR 1], (H
TENLENPERCR B 0L T, HERERPEREA BT T 1%, X
#2171k H UKF-CV (constant velocity)
XL KA AT AL B, 432 3h H AR L0 PR R
I, AL 5V Tek N Ja R R S R 45 5.
IMM-UKF #1 IMM-EKF 75V [f 2R R BCR A T 8
PARRITVE, X BAG 65 T H 2 18 Zh AR R e T 4 Hh i
Be H bR B4 0123 72, AR, S Ik TR A 1) #R
77 1230 R F S R B R AR B, R 1&g SR A
LHPRAS I RZN, P ER RS FEAAAE — € RIFR. b
Ah, T IMM J7 VA B AL R AE A, AR
T 2o 52 B HAB B 40, X — D PR 1 R iR
PERE. SR TR IR ER T VAR, AR SO Y
DBCF-Net, fili & 3 T B 15 PR B 2 21 D7 EA R34,
REME BN A RIZ SR S 3, NI Bg s he it

£1 WRHBEDBH
Table 1  Test trajectory maneuver parameters

P LN F1R F2R 3R
1 [=17 000.0 m, 2 600.0 m, 200.0 m/s, 120.0 m/s] 20s, CV 25s, CT, w=3.6 (°)/s 30s, CT, w=—6.4(°)/s
2 [=6 860.0 m, 24 320.0 m, 90.0 m/s, —130.0 m/s] 25s, CT, w =1.0 (°)/s 25s, CT, w=—1.6 (°)/s 25s, CT, w = —6.4 (°)/s
3 [17 155.0 m, —9 300.0 m, —169.0 m/s, 140.0 m/s] 10s, CV 50s, CT, w = 8.00 (°)/s 15s, CV
4 [13 345.0 m, —11 300.0 m, 69.0 m/s, 140.0 m/s] 25s, CV 30s, CT, w=—-7.0(°)/s 20s, CT, w=6.48 (°)/s
5 [19134.0 m, 19 144.0 m, —235.0 m/s, —33.0m/s] 20s, CT, w = 6.08 (°)/s 30s, CV 25s, CT, w = —9.01 (°)/s
6 [9360.0 m, —8 740.0 m, —140.0 m/s, —1.0 m/s] 20s, CT, w =9.08 (°)/s 30s, CT, w = —8.1(°)/s 255, CT, w=1.08 (°)/s

vE: CT: Constant turn.
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Fig.5 The tracking results of six trajectories, where the enlarged subplot contains 30 sampled trajectory segments
(In the main plot, sampling points are marked at intervals of 2.5 s (corresponding to 25 sampling points),
while in the subplot, they are marked every 0.5 s)
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Fig.6 RMSE of the target state estimation for the six test trajectories
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NI AIE A SCHR A 2% 45 4 K 3T MMD 4
TR 248 A BRI PR 8, AR RS
R SR 25 AR P b5 B DL R AR 0y 32
1A Single 1 ({UAR B AR /R BFRAS B, B0
YA Single 2 (X OR BEARASAH RAE B 4%) A1
MMD 5% (No MMD). IR EEE 5 2
* 3 .

R A RN T I RS R P ARMSE 4.
MZE 4 T LLAE i, DBCF-Net £ 9 2 B8 1 7 B AN
W Rz FHRDEM, B 7P EWER T H
PREFEL 5 B S NG G B B L sh .

3.5

3SR AR B R S R BRI 2% (Single 1) Al
RS H S B ML (Single 2) I, o B A FE 1)
ARMSE B 38 K. MR 1, 7 B PR ER IR 22
K ZE 6.758 F1 6.920, iR £ H K ZE 8.908 Al
10.813, 3X 3 B XUSZ B3 7] 4 28 368 3 X050 2 R b
BRI T BARIREERIPERE. AERSRR MMD 15K B
K e AR A 1 B LT B, AR 2 B4 B R i R
ZEWR R 9.209, HZ R ZE KA 9.189, Ui B
MMD 47 25 bR 08 i 72 544 53 S 2% i A, A AR
R T AN AR NS ST R IE BLRE ). i v
SEIGIGUE T X o S 4 S5 40 5 BT MMD 293
28 AUEL P R BB 008

* 2 ARFHEIENRFE L1355 R 1R % (ARMSE)
Table 2 The ARMSE of states for different methods on the test trajectory
i ZH B 1 ik 2 ik 3 Bk 4 Bk 5 ik 6
frE (m) 4.872 5.208 12.942 4.942 5.969 4.236
IMM-EKF
P (m/s) 9.606 6.569 21.949 8.336 11.263 8.919
fir 8 (m) 5.089 5.267 5.564 5.082 6.310 4.437
IMM-UKF
A (m/s) 10.149 6.689 11.320 8.707 12.177 9.404
£ B (m) 6.061 5.576 7.240 4.889 9.473 5.797
DeepMTT
M (m/s) 3.676 4.493 6.904 4.400 7.595 6.045
fir B (m) 11.302 14.067 6.641 5.863 17.151 4.977
KalmanNet
P (m/s) 12.279 13.168 15.105 13.652 14.708 9.856
I E (m) 2.678 4.400 3.339 3.365 4.364 2.682
DBCF-Net
P (m/s) 3.806 4.430 4.900 3.956 5.103 3.938
i IR R R R R A R
® 3 THASEIMAAPTIZ S S 4L
Table 3  Test trajectory maneuver parameters of ablation experiment
BT BIEEIRAS F1R 2B 3B
1 [-19280.0 m, 18250.0 m, 180.0 m/s, 50.0 m/s] 5s, CV 20s, CT, w=—9.0(°)/s 155, CT, w=8.4 (°)s
2 [-16900.0 m, 15500.0 m, 220.0 m/s, 300.0 m/s] 5s, CV 155, CT, w=5.0(°)/s 20s, CT, w = —3.4 (/s
e ‘ ZERIE
F4 WESAHUIE ARMSE fi 4 ERIE
Table 4 ARMSE of ablation experiment test trajectory Bt o B — bR A5 A DG PEER AR 2 2 AR 1 H A ER
Jrit: SH I 1 I 2 ERPERE N 1) R, A SCHR H XS P [FE X 4% DB-
DECE-Net {8 (m) 5.106 5.317 CF-Net. DBCF-Net i XU i 5] /4 4% 2% 2] iz 3l H
) HPE (m/s 6.161 7.265 — L e \ S N
I /) ’ PR AL R 1 T PP A0 R 2 o 22 25 B
gl 1 (8 (m) 6158 8160 RS AR b, SEE B B AN e R 75 2 K00 3
I (m/s 8.908 9.801 \ _ -
HIE (/) VARSI, S BT 05 K4 72 50 I 5 A
gl s 8 (m) 6920 8409 RV BT, 545 043 S I 2 B 2 51 AR,
R 3 10.813 7.631 - R N Ly %
AR ) Tt o TR (3 I A 7. A SRR T AL
No MMD Br % (m) 7233 9209 XY P A i B bR BREE e Ie sk 1 A S, R
HE (m/s) 9.666 9.189

W R E NG =4 is s . B, RRIIHT A
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Fig.7  Visualization of the tracking results obtained in
the ablation experiments
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