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Attention-based Particle Resampling in Sequential Importance
Resampling Filters for Enhanced Visual Odometry Performance
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Abstract: Accurate state estimation is essential for autonomous driving in global navigation satellite system (GNSS)-denied
environments. Particle filters, particularly sequential importance resampling (SIR), are widely used for sensor fusion but suffer from
weight degeneracy and particle impoverishment during resampling. To address this, we propose Particle Transformer, a deep learning-
based resampling framework combining weighted multi-head attention for particle importance modeling and a variational autoencoder
(VAE) for diversity preservation. An adaptive strategy based on effective sample size (ESS) further balances accuracy and efficiency.
Experiments on the KITTI odometry dataset show 3.0 % lower absolute trajectory error (ATE) and 21.2 % lower relative pose error
(RPE) compared to systematic resampling, while maintaining maximum diversity with only 6.4 ms per frame.
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. Estimated trajectory comparison and per-frame position error
on KITTI Odometry Sequence 00: (a) Full trajectory. (b)
Zoomed view of the first 100 frames. (¢) Zoomed view of the
middle 100 frames. (d) Zoomed view of the last 100 frames.
(e) Euclidean position error over time.
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Table 1. Comparison of ATE (mean/std) and total execution time

(KITTI Odometry Sequence 00, 4,661 frames).

Method ATE Mean (m) ATE Std. Time (s)
Particle
Transformer 0.1145 0.0038 29.6065
(proposed)
oT_ 0.1139 0.0105 30.4097
resampling
Systematic 0.1180 0.0092 30.1564
Stratified 0.1206 0.0028 30.3302
Residual 0.1302 0.0158 30.7795
Regularized 0.1453 0.0313 30.7942
Multinomial 0.1725 0.0348 30.5765
Metropolis 0.1829 0.0285 32.9444
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F 2 RPE(BRIENY), & thef4d, ®xd ESS HI(KITTI
Odometry Sequence 00).

Table 2. Comparison of RPE (translation/rotation), final diversity, and

average ESS (KITTI Odometry Sequence 00).

RPE RPE

Method Translation] Rotation Dil:/?rzli ty A\}/Eesreége
(m) (rad)
Particle
Transformer 0.0372 0.0043 1.0000 0.9158
(proposed)

OT_resampling|  0.0462 0.0047 0.8583 09314

Systematic 0.0472 0.0046 0.9033 0.9317

Stratified 0.0465 0.0050 0.7733 0.9327

Residual 0.0517 0.0054 0.7950 0.9299

Regularized 0.0504 0.0060 1.0000 0.9340

Multinomial 0.0520 0.0058 0.6100 0.9331

Metropolis 0.0429 0.0089 0.6317 0.9063
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Fig. 2. ATE vs. execution time trade-off (lower is better). Each point
represents the average result over 4,661 frames.
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Table 3. Component contribution analysis.

Component Impact
Weight-Aware Attention +8.3 % (position)
Multi-Objective Loss +6.1 % (combined)
VAE Regularization +4.7 % (diversity)

A A~ Sk~ i=]
E o4 E4FF THRE A

i Bl D

Table 4. Loss function component analysis.

Loss Function Component Degradation
Variance Preservation -15.2 % (diversity)
Position Loss -12.4 % (accuracy)
Angle Loss -7.8 % (orientation)
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