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Abstract: To address the challenge of heightened uncertainty in water-floating garbage trajectory prediction caused by multiple
influencing factors, a multi-feature dynamic weighted fusion model for water-floating garbage trajectory prediction was proposed.
Firstly, a multi-factor feature dynamic weighted fusion layer was designed to thoroughly analyze the complex mapping relationships
among various influencing factors. Secondly, a bidirectional spatial-temporal weighted attention network was introduced to perform
weighted fusion of features extracted by BiLSTM, thereby capturing richer temporal-spatial characteristics of drift trajectories.
Finally, a learnable nonlinear output layer was proposed to fully integrate information from diverse input factors and trajectory data,
significantly enhancing the model's generalization capability and prediction reliability. Experimental results on the Yinggezui
Reservoir trajectory dataset show that compared with baseline model, the R* index of the proposed method has improved by 0.1085,
and the MAE, MAPE, and MBE indices have decreased by 0.0112, 3.715, and 0.000624. This method can fully integrate multiple
factor data and achieve high—precision prediction of the trajectory of water-floating garbage, providing a reliable model for the
salvage and management of water-floating garbage.
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Hi £ (°E) £ (°N) 22 10 (em/s) i 0 (em/s) 28 10 JE P (em/s) 25 0 I FE (em/s)
2024-11-30 99.83304233 38.93600883 3.2356439 3.3788991 0.3235644 0.3378899
2024-11-30 99.83304597 38.93601376 4.2607749 3.1473701 0.4260775 0.314737
2024-11-30 99.83305425 38.93602121 6.4473228 7.1617205 0.6447323 0.716172
2024/11/30 99.85033296 38.94252375 2.12064785 5.23016815 2.1206478 5.2301681
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MAPE 1 MBE 735l FC T 0.016. 3.0359 #i
0.001304,7¢ 3 SHLE E R* 42T+ T 0.061,MAE.
MAPE Ml MBE 75 B#{% T 0.0043. 3.1362 Fi
0.014119.7F 4 Sk L R* 427+ T 0.0675,MAE.
MAPE #I MBE 43 5 B#{% T 0.0081. 2.4832 Fl
0.005724,7¢ 5 S I R* 27+ 7 0.0863,MAE-.
MAPE #I MBE 45l B#{% T 0.0127. 2.8676 #i
0.005691, 5 THRCR 0 W i
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Table 2 Results of ablation experiment

78 BiLSTM BiLSTM+MEFF
2 2

W R® MAE MAPE MBE R MAE MAPE MBE

1 0.87160.02075.6562 0.005941 0.9207 0.0073 4.1725  0.002218
2 0.91650.01744.0650-0.000912 0.9252 0.0064 3.7353 -0.000431
3 0.85420.01234.9049 0.007804 0.9067 0.0098 2.2657 -0.007289
4 0.88370.00983.6633-0.005281 0.9212 0.0074 3.6385 —0.001786
5 0.89590.01423.5929 0.006067 0.9382 0.0069 2.2901 0.0037334

e BiLSTM+MFF+LN BiLSTM+MFF+BSA+LN(MBL-LSTM)
#F R* MAE MAPE MBE K> MAE MAPE MBE

1 0.93490.00351.0895 0.000981 0.9838 0.0019 0.9220  0.000243
2 0.93950.00281.9426 0.000419 0.9527 0.0014 1.0291  0.000392
30.91220.00871.8952-0.007099 0.9152 0.0080 1.7687 -0.006315
4 0.92580.00271.5604 0.000532 0.9512 0.0017 1.1801  0.000443
5 0.96800.00231.0291-0.002552 0.9822 0.0015 0.7253  0.000376

®3 AEIFNELRTEITMNERR

Table 3 Average evaluation indicators on five trajectories

. BiLSTM+ BIiLSTM+ BiLSTM+MFF+
Average Index BiLSTM

MFF MFF+LN BSA+LN
R 0.8844 0.9224 0.9361 0.9570
MAE 0.0149 0.0076 0.0031 0.0029
MAPE 4.3765 3.2204 1.5034 1.1250
IMBE] 0.005201  0.003091  0.002317 0.001554

AL EIPPF PN FR PR TSRS R SR 3
P 7 s 452 2 1 MBE 5054 1E 6122 43, 0 7 i
THEY 35 MBE 4845, 88 G 1 5 F R bR A A BRI I
EOLAER 3 FRlT ] MBE (4006734 {8 [ MBE| K11
S TIOIIASERY P RS

#* 3 ALLAE BT HME BiILSTM,MBL-LSTM
() RPHEFRIZETE T 0.1085, 70 BT 12.27%,F-3)
MAE. MAPE HI MBE #5980 T 0.0112. 3.715
0.000624, 5 51k /> 75.17%- 84.89%F1 11.20%.3% W
AICFTHE MBL-LSTM 52560 7K ISR S Uk 1 Ty
R B3R 5, MFF - 22 BRI 32 SRR AIE A Rl 25 e 68 B 4 il
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Fig.7 Bar chart of average evaluation metrics across five
trajectories
PUF I VEAE TLAIE BRI DU RbR RIS 8 3 X

DN AT TR 71 1 i s 38 b AN TR I AL B
W 190 20 B AR PR BE KR T, et T 7 AN TR i b

AT AR 1, T BAA H A DY S5 s L AN [i] SR ) F000
g5 2 M RE R, 3 MBE 48452 T3 (25 1% 22,
FEVE S SR 22 I VBT 4o 1)~ 348, 1% F R b
Al H A FOUIN L A o O T &5 R e Al AR AT 2 5
fE &S, 7T LUE AR A S A 431238 hRAE “0” 7K
Ve L “RE D ORI R W T A O RS E .
Zr b 3k W R Se a0 L, R W T AT MFF. BSA
LN R eSeat SR 6T 7K T 7 35 A0 328 P A ]
RO IIAT AN R RE B2 42 T, AR ] B8 035 i s
T O AR TSRO AP SR AR T
2.4 XFHSEEG o HT

A RAIEA ST HE MBL-LSTM J7 ¥4 7Kg 1 3
() 0325 S T R B T SRk 2 0 5 vk HARY
BT HL A E 2T ik
SVM*(Support vector machine)FI%E T-1 2% 2] 1)
77 ¥ LSTMP%,CNN-LSTM(Convolutional neural
LSTM)"® BiLSTM"" TCN(Temporal
[33] F
ASTGCN(Attention based spatial temporal GCN)P*,
IEHOERLSEEG ) 1. 2 A3 SR LR RNk
ARSI IAEE N AT XS L 26, 45 S sk 4 s,

(Historical average) .

network

convolution  al network)[32],Transformer

x4 FHEEIBWER
Table 4 Comparative experimental results

piCiE AR R HA SVM LSTM  CNN-LSTM  BiLSTM TCN Transformer ASTGCN MBL-LSTM

g 0.5171 0.6494 0.8440 0.8676 0.8716 0.9142 0.9821 0.9273 0.9838
' MAE| 0.1019 0.0811 0.0407 0.0281 0.0207 0.0075 0.0038 0.0041 0.0019
MAPE| 26.9841 18.0713 12.4543 8.2588 5.6562 1.0473 0.9441 0.9872 0.9220

MBE| 0.018405  0.007433  0.003004  0.003420  0.005941  0.001710  0.000384  0.000492  0.000243
iig) 0.4759 0.6017 0.7561 0.8517 0.9165 0.7891 0.9154 0.8973 0.9527
5 MAE| 0.1471 0.0975 0.0607 0.0334 0.0174 0.0519 0.0095 0.0197 0.0014
MAPE| 273129 14.0954 10.4772 8.1750 4.0650 15.247 4.1572 5.843 1.0291

MBE| 0.096217  0.071622  0.027572  -0.008710  -0.000912  0.010820  0.000547  0.002380  0.000392
R* 0.3918 0.5840 0.7441 0.7921 0.8542 0.9412 0.9084 0.8243 0.9152
3 MAE| 0.4826 0.2946 0.1492 0.0894 0.0123 0.0047 0.0092 0.0384 0.0080
MAPE| 30.0147 21.0953 18.8912 8.7421 4.9049 1.4230 1.8047 5.9410 1.7687

MBE| 0.146810  0.095270  0.053411  0.012812  0.007804  0.002741  —0.006591  0.009420  -0.006315

410 B A IR GE A IR T 7% HA
FEANTE T T AR Lk 1 /KB S B PR 45 AR R L
I SRR 592 SVM 7KL 17 3% PR IR 23
FHEEANGE 7053, LIRS P2 AR B T B R i TR B
5 S RIS TV, A SO E: MBL-LSTM. J7E(ERL
1R 2 BRSNS R AL R FRER A
0.9838 #11 0.9527. MAE f54573- 71124 0.0019 F1 0.0014
MAPE #8543 4 0.9220 1 1.0291. MBE $4543 731

43 0.000243 F10.000392.7F 3 57K I TCN 177
eI, 028 FH T TON SR BRI R, B SR 213 8
AR W A TR 22 DR R B2 B8 ) S R IR R R OG &R,
DAL TCN TR B, 4 C MBL-LSTM J5724
45 R ¥8FRN 0.9152. MAE #8474 0.0080. MAPE
fRFR A 1.7687 A MBE $E454-0.006315, 3 BHAN ST
PHERTPNE] T 3 SKERIR I iE s, B
TS AT — 2 (AT L AR .
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