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This paper presents a 6-DoF range-based Monte Carlo localization method with

a GPU-accelerated Stein particle filter.

To update a massive amount of particles, we

propose an approximated Gauss-Newton-based Stein variational gradient descent (SVGD).
This method collectively updates particle states with gradient and neighborhood information,
which provides efficient particle sampling. For an efficient neighbor particle search, it uses
locality sensitive hashing and iteratively updates the neighbor list of each particle over time.
The neighbor list is then used to propagate the posterior probabilities of particles over the
neighbor particle graph. In experiments, the proposed method showed an extreme robustness to
complete sensor occlusion (i.e., kidnapping), and enabled pinpoint sensor localization without

any prior pose information.
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Fig. 1: (a) Proposed method performs 6-DoF sensor

localization with one million particles. All the particles
are evaluated and updated in real-time on a single
GPU. (b) Posterior probability distribution. (c) A close
look at the maximum posterior particle, and (d) the
same view with particles colored based on the posterior

probabilities.
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Algorithm 1 IterativeNeighborParticleSearch

1: TSH + Random SE3 transformation
2: B+ {mi:[l’_“ 7]\,3]]
3: for :c} € X do

> LSH buckets
> Distribute loop

4: h = fLSH(zl) mod NEB

5: B[h] <~ B[h] U x} > Add particle to the bucket
6: for w"{ € X do > Gather loop
7: h= fLSH( ?) mod NB

8: for wt € Bi[h] d

9: X}« XU a:t > Add to the neighbor list
10: if |X{| > K then ‘

11: & = arg minmfe/'\?g' k(xi, xk) > Farthest particle
12: X — X\ & > Remove & from the neighbor list
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Fig. 3: Estimation result for Easy0Ol sequence. Particles
were initialized with a uniform distribution without any
prior information (a). The positional ambiguity was
quickly resolved as the sensor moved (b, c). Although
there were still two major hypotheses for the sensor
orientation (upright and flipped) (d, e), it was resolved

when the sensor entered a room (f).

(d

®

Fig. 4: Kidnapping experiment result (Kidnap02).
The sensor view was completely occluded, and the
uncertainty grew because of the lack of observations
(a, b).
sensor began to see the world, the posterior probability

When the occlusion was removed and the

distribution quickly converged to a few positions (c, d,
e). Eventually, the posterior distribution successfully

converged to the correct position (f).
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Fig. 5: Estimated trajectories for the Easy02 sequence.

Table 1: Absolute trajectory errors for indoor sequences

ATE [m]
Method Easy01 Easy02 Kidnap0O1 Kidnap02
FAST_LIO (odom) | 1.86 £0.85 6.16 £ 3.02 X X
FAST_LIO_LOC 0.07 £0.05 0.14 +0.10 X X
hdl_localization 0.14 £0.10 168 +10.3 X X
Proposed 0254024 0.13+0.12 5.64+486 5.94+500
Proposed (smooth) | 0.02 £0.01 0.02+£0.01 4.74+4.13 4.75+4.07

Xindicates that the estimation became corrupted.
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Fig. 6: ATE of the proposed method for the Kidnap02
sequence.

Table 2: Processing time for indoor environments

Process | Time [ms]
Neighbor list update 26.67 £ 0.35
Likelihood evaluation 55.17 £ 3.84
Particle state update 1.59 £+ 0.03
Posterior probability update | 7.30 &+ 1.02
Total | 90.8 & 4.20
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Fig. 7: Outdoor experimental environment. During the
experiment, complete blockages of the LiDAR (Livox
MID-360) made the point cloud feed unavailable for 10-
30s.
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Fig. 8: Outdoor experiment results. Uniformly initialized
particles quickly converged to the correct position (a, b),
and successfully recovered from kidnapping (c, d) during
the experiment.
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Fig. 9: Estimated trajectory for the outdoor experiment.
Although the sensor was completely occluded eight
times, the proposed method successfully recovered the

estimation during the experiment.

(b)

Fig. 10: Places where re-localization took a longer time
due to vegetation changes and scan points out of the map.
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