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Abstract— Accurate and robust localization systems are often
highly desired in autonomous mobile robots. Existing LiDAR-
based localization systems generally use standard particle filters
which suffer from the well-known particle degeneracy problem.
Furthermore, standard particle filters are ill-suited for handling
discrepancies between maps and the actual operating envi-
ronments. In this work, we present an effective LiDAR-based
indoor localization system which addresses these two issues.
The particle degeneracy problem is tackled with an efficient
implementation of an optimal particle filter. Map discrepancies
are then handled with the use of a high-fidelity observation
model for accurate particle propagation and a separate low-
fidelity observation model for robust weight update. Evaluations
were carried out against a standard particle filter baseline on
both real-world and simulated data from challenging indoor
environments. The proposed system was found to show sig-
nificantly better performance in-terms of accuracy, robustness
to ambiguity, and robustness to map discrepancies. These
performance gains were observed even with more than ten times
smaller particle set sizes than in the baseline, while the increase
in the computation time per particle was only around 20%.

I. INTRODUCTION

Self-localization is an essential component of almost every
autonomous mobile robot. For indoor environments, LiDAR
based localization systems are often used as they do not rely
on any external infrastructure or require modification of the
operating environment. Furthermore, they benefit from the
high depth accuracy, long range, and invariance to lighting
conditions of typical LiDAR sensors. Due to ambiguities in
the environment, its partial observability, and measurement
noise, it is generally not possible to infer the robot’s pose
based on a single LiDAR scan. Particle filters are therefore
widely used for localization, with wheel odometry as an
additional source of input. In particle filters, the belief of
the robot’s pose is represented by a set of weighted samples
which are updated recursively through Bayesian filtering.
This allows for the representation of arbitrary multimodal
uncertainty distributions that may arise when operating in
challenging environments, unlike with Kalman filters which
are restricted to unimodal Gaussians [1].

The most commonly used particle filtering algorithm for
robot localization is the Sampling Importance Resampling
(SIR) filter, which consists of three steps for each time
step t. First, for each particle i with pose z¢_; from the
previous time step, a new pose is drawn from some proposal
distribution q(x; | @i, z:,u;), where u; and z; are the
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control input and observation at time step t, respectively.
Next, the particle weights are updated as
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Finally, the particles are resampled according to their weights
to better represent the robot’s pose. In the context of robot lo-
calization, p(x; | 2¢_,,u;) corresponds to the robot’s motion
model and p(z; | x;) corresponds to the observation model.
In LiDAR-based localization systems, the robot’s motion
model is a common choice for the proposal distribution as
it simplifies (1) to w} = p(z; | x%). Similar to [2], we refer
to particle filters with this choice of proposal distribution as
standard particle filters.

There are two main problems with standard particle filters
which adversely affect localization performance. The first is
the well-known particle degeneracy problem. As illustrated
in Fig. 1, robot motion models often tend to be much noisier
in comparison to observation models from precise sensors.
Standard particle filters are highly inefficient in such cases
as most of the samples drawn from the motion model will be
assigned negligible weights based on the observation model,
and thereby get discarded during resampling. This results in
reduced accuracies and poor robustness to ambiguity.
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Fig. 1. Tllustration of an optimal proposal distribution (green) for a typical
noisy robot motion model (red) and a more precise observation model (blue)

The second problem with standard particle filters is the
trade-off between accuracy and robustness that arises when
attempting to handle map discrepancies. Discrepancies may
be present between maps and real-world environments due
to mapping errors, incompleteness, or changes in the oper-
ating environment. However due to the high computational
complexity of additionally estimating the actual state of the
environment, only the robot pose is usually included in the
estimated state variable and the available map is assumed
to be exact [1]. Therefore, map discrepancies can lead to
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localization failures due to the resulting incorrect observation
likelihood estimates. While robustness to map discrepancies
can be improved by modifying the observation model to alle-
viate their impact, this leads to a less informative observation
model which thereby degrades accuracy [3], [4].

The main contribution of this work is an accurate and
robust indoor localization system for wheeled mobile robots
equipped with 3D LiDARs. As the localization system was
primarily developed for ground-based logistics robots, we fo-
cus on 3 Degree of Freedom (3DOF) localization in dynamic
and ambiguous environments. The proposed system employs
an efficient implementation of an optimal particle filter to
address the two aforementioned problems with standard
particle filters. Extensive evaluation results are provided to
verify that significant performance gains can be achieved by
effectively tackling the two issues.

II. RELATED WORK

It has been shown in [5] that the optimal proposal dis-
tribution which minimizes the variance of particle weights
(and thereby particle degeneracy) is given by

p(2e | ze)p(ay | miﬁput)
Pz | 2y, ur)

An illustration of the optimal proposal can be seen in Fig. 1.
There are two major challenges in using the optimal proposal
distribution. It requires the ability to draw samples from the
product distribution p(z; | z¢)p(z; | #i_;,u;) and to evaluate
its integral over the state space. As outlined in [6], there are
two cases where the use of the optimal proposal distribution
is tractable: if the state-space of the robot is discrete and
finite, or if p(z; | #i_y, 2, u;) is Gaussian.

While SIR particle filtering with the optimal proposal
distribution has been effectively applied to landmark-based
localization in [7], it is non-trivial for LiDAR -based lo-
calization where observation likelihoods can often only be
evaluated point-wise in a non-parametric form [8]. Therefore
in [9], Grisseti et al. presents a sampling-based approach of
obtaining a Gaussian approximation of the optimal proposal
distribution with scan matching. An alternative approach
which does not rely on scan matching or Gaussian ap-
proximation has been presented by Blanco et al. in [8].
However, both approaches have high computational costs
as they contain additional sampling steps which involve
multiple observation likelihood evaluations per particle.

Similar to this work, a particle filter based approach with a
closed-form Gaussian approximation of the optimal proposal
is presented in [10]. A 2D probabilistic occupancy grid
based map representation is used, and the optimal proposal is
obtained using an Extended Kalman Filter (EKF). However,
details on the computation of the observation Jacobians have
not been provided. An alternative standard particle filter
based approach is presented in [11], which utilizes a 2D
vector map and a differentiable observation model based
on point-to-line correspondences. A refinement step is intro-
duced after new particles poses are drawn from the motion
model, where the sampled poses are refined through several

2
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iterations of gradient descent using the observation model.
Although this alleviates particle degeneracy, the gradient
descent step adds significant computational burden.

To account for map discrepancies, Jianchao et al. pro-
poses the use of a motion detection module in [12] to
discard scan points from dynamic obstacles. However, this
method only handles unmapped objects that are in motion
during localization. Therefore in [13], temporary maps of
the environment are constructed and used during localization
such that observations of semi-static objects can be better
utilized. A similar approach is provided in [14], where
the temporary maps can additionally distinguish between
semi-static and dynamic regions. However, both approaches
rely on accurate estimates from a particle filter to generate
the temporary maps, and therefore cannot be used when
there is uncertainty in the robot’s pose. In [15], Tipaldi et
al. presents a multi-session Simultaneous Localization And
Mapping (SLAM) approach where in addition to the robot
pose, the environment is also included in the estimated state
variable. However, this additional map generation leads to
significantly higher computational requirements.

Unlike in existing work, the proposed approach employs a
closed-form Gaussian approximation of the optimal proposal.
This is obtained by utilizing surface normal information
in LiDAR scans and maps to derive an efficient Gaussian
approximation of the observation model. Map discrepancies
are then effectively handled with the use of two separate
observation models in the particle propagation and weight
update steps of the filter. This allows for significant improve-
ments in both accuracy and robustness with only a slight
increase in computational costs.

III. OUR APPROACH

The proposed localization system relies on a 3D point
cloud map with reasonably accurate (<0.1rad) surface nor-
mal estimates. During mapping, surface normals of scan
points are estimated through Principal Component Analysis
(PCA) of neighbouring points. In simulated environments the
maps are constructed with robot poses from the simulator
while in real-world environments the output poses from the
LeGO-LOAM mapping system are used as reference. [16].

A. Motion Model

In this work, we employ a simple Gaussian wheel odom-
etry motion model similar to the omni-directional motion
model in the amcl ROS package [17]. Based on odometry
input, the relative motion of the robot uy = [Az; Ay, Ab;]T
since the previous time step is first computed. Given the pose
xi =[x 1 ys_1 0:_1]" of particle i in the previous time
step, the prior distribution of its current pose is modeled as

xp ~ p(Xe|xg_ 1 ue) = x4 5 + Ra(0;_1)ue+wi,  (3)

I’l’:nm,t
where R, (6} _,) is a 3D rotational matrix representing a 6

radian rotation about the z-axis, and wy ~ N(0,%7 )
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is zero mean Gaussian process noise with the covariance
i .
Emm,t computed as follows:
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The « parameter values above are assigned based on the
uncertainty in the wheel odometry estimates of the robot.

B. Observation Model

The observation model p(Z;|x¢) of a particle 4 is generally
a multimodal distribution over the entire state space. How-
ever since the motion model p(x¢|xi ;,u;) is a unimodal
Gaussian, only the mode closest to the motion model mean
ufnm,t has a significant impact on the optimal proposal
distribution (2) in general. The following steps describe the
procedure for computing a closed-form Gaussian approxima-
tion of this mode by utilizing surface normal information.

1) Observation: For each point of a 3D LiDAR scan,
its surface normal is first estimated as the cross product
of the vector between adjacent points of the same laser
beam and the vector between the points in the adjacent
laser beams. Since the focus is on 3DOF localization, scan
points with surface normals which are not closely parallel
to the ground plane are discarded. Next, the resulting point
cloud is downsampled to N (=300 in this work) points to
limit the computational load. The downsampled point cloud

= {(z',a}), (22, 2a2), .-, (zN,alN)} is then taken as
the observatlon at time ¢, where zJ is the 3D position of the
scan point j relative to the robot frame and @ is its surface
normal.

2) Point-to-Plane Correspondences: Next, the points are
transformed to the map frame with rotation R and translation
t based on the mean pose u:‘nm,t of the particle’s motion
model distribution. For each transformed scan point, the
corresponding nearest neighbor map point (mJ, &) is then
found, where mJ is the 3D position of the point and n is it’s
surface normal. Correspondences with high angular deviation
in surface normals (i.e. cos™'(R#, - AJ) > 6,,4.) or large
point-to-plane distances (i.e. (Rz} +t — md) - &l > D,,q.)
are considered invalid. In our implementation, we use values
of 0.2rad and 0.3m for 0,4, and D,,,, respectively.

3) Closed-Form Gaussian Approximation: Given the cor-
respondences M = {(m?', &), (m? a2), ... (mf, i)} of
a particle ¢, the observation likelihood is computed as

(d7)2

N
1 (ahH)?
p(Zi]x¢) = Hp ZJ‘Xt H me 207, (6)

where o is the sensor noise and d” is the point-to-plane corre-
spondence distance of the scan point j. Unlike with point-to-
point correspondences, point-to-plane correspondences tend
to remain unchanged for small changes in the robot’s pose.
Therefore for a pose x¢ with a small relative motion Axy =

[Az Ay AO)T from ,ufnm,t, the point-to-plane correspon-
dence distance of scan point j can be computed as

. A:Z: .
R,(A)Z — |Ay| —t| & ()
0

@ =

Using small angle assumptions this can then be simplified to

i
& =—|nj a) (@)TR| 2 Axy
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It should be noted here that invalid correspondences from
the previous step are assigned a constant distance value with
a; = 0 and b; = D;4,. Substituting (8) to (6) then gives

N 1 _ (ajAxg+b;)2

p(zt\Axt):]l;[lame 20T 9)

Since this is a product of normal distributions, p(Z;|Axy)
will in turn follow a Gaussian distribution of the form
K'N (B ¢ Xhp ). The mean [l can be obtained
by minimizing the negative log-likelihood objective function

f(Ax¢) = —Inp(Z|Axy), and thereby computed efficiently
by solving the resulting linear least squares formulation
N
ﬁ’om ¢ = argmln Z ajAxg + b; ) (10)
Xt _7 1

through Singular Value Decomposition (SVD). The covari-
ance 2 m,¢ can be computed as the inverse Hessian H of
the objectlve function [18], [19],

N
i -1 2 T,
Eom,t*H =0 E a;” a;
=1

Substituting Axy = ﬁf)m,t to (9), the scaling factor K* can
then be evaluated as

-1

(1)

=i 2
_ (b _aj”'om,t)

P, (1)

omt

resulting in the Gaussian observation model p(Zi[x¢) =
KzN(I’l’om t ZDO'm, t) with mean p’om t p‘mm t +p’om t’

4) Accountmg for Noisy Surface Normals: N01sy surface
normals in maps can lead to over-confident covariance es-
timates at ambiguous locations. For example, even along a
completely ambiguous long corridor, this could lead to a
variance of around 10?\,” for an observation of N scan
points with surface normal deviations of 0.1 radians. To
tackle this problem, we perform an Eigen decomposition
of the covariance matrix E(i)m,t and set all eigenvalues
greater than % to a very large value (e.g. 10%). The
covariance matrix Ef),mt is then reconstructed with the new
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eigenvalues such that the uncertainty of the robot’s position
is better represented. Similarly to better represent rotational
ambiguity, we nullify the effect of rotation on the point-
to-plane distance of observation points with near parallel
surface normals vectors (i.e cos™!(z} - i) < 0.1rad). This
is done by setting the third component of a; to zero for such
points when computing the observation covariance in (11).

C. Optimal Particle Filter

To minimize the effects of particle degeneracy, an optimal
particle filter based localization system is employed. The
following three steps are performed at each time step of
the filter. At the end of each time step, the robot’s pose is
estimated as the average of the particle poses.

1) Predict: For each particle i, new poses x. are first
sampled from the optimal proposal distribution,

q(x \xi Zug) = p(Zt|Xt)p(Xt|Xit717ut)
t1&t—1 t, Ut) — .

o I p(Zex)p(xglxt 1, ue)dx;
With the Gaussian motion and observation models computed
above, the mean vector py and covariance Ef)m’t of the

resulting Gaussian proposal distribution can be computed as
follows:

. (13)
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Thereby for each particle i, its new pose x! is sampled from
the normal distribution A(p?, 7).

2) Update: The weight of each particle ¢ is then updated
based on the integral of the product of the motion and
observation distributions over the entire state space as

w) = / P(Z:,)p(dy k1, ue)dx,
(16)

= p(Zelmg) gl 1, ue) £/ (2m)%| 5.

3) Resample: Finally, the particles are resampled using
the low variance sampling algorithm presented in [20].

D. Handling of Map Discrepancies

As described previously, attempting to account for map
discrepancies through the observation model degrades ac-
curacy, as it lowers the confidence in the observations and
affects the effective compensation of odometry noise. Unlike
with standard particle filters however, the observation model
appears both in the prediction and update steps of
optimal particle filters. Therefore, we leverage on this trait to
improve robustness to map discrepancies without sacrificing
on accuracy. A high-fidelity observation model assuming no
map discrepancies is used in the prediction step which
enables each particle to accurately track its pose at unam-
biguous locations by sampling from an observation dominant
proposal distribution. A lower-fidelity observation model is
then used in the update step, such that any uncertainty in

the robot’s pose can be better represented by the particles
while being less susceptible to map discrepancies.

For the high-fidelity observation model, we use the obser-
vation model described in section III-B, with a sensor noise
value of ¢ = 0.02m according to our LiDAR specifications.
For the choice of the low-fidelity observation model, we
present two options that have been implemented and evalu-
ated as separate localization systems:

1) mcl_optimal: A simple and computationally efficient
choice is to use the previously described Gaussian
observation model with inflated sensor noise. In our
implementation, a noise value of o7 = 2m is used.

2) mcl_optimal_raycast: To better cope with incomplete
maps and dynamic objects in the environment, a ray
casting based observation model can be used. Here, only
particles with scan points that appear to pass through
static surfaces of the map are penalized in the weight
update step. At each time step ¢, a set of downsampled
scan points ) = {yi,y2,---,yL} of size L are first
obtained. For each particle 7, ray casting is then carried
out with these points from the particle’s pose w; The
particle weights are then updated as follows:

; 1 ly¥| < d* + Dypresn
ki|,..t t res
x;) = , 17
Pyl t) {Pm,;ss otherwise 17
L
w; < p(Zilze) = [[ pv¥lzi), (18)
k=1

where d* is the ray casted distance, Djj csn is an
allowance threshold for mapping errors, and P,,;ss 1S
a penalty value between zero and one. In our imple-
mentation, we use Py,;ss = 0.9, Dipresn = 0.1m and
L = 10 as defaults.

IV. EVALUATION

In this section we provide evaluation results for accuracy,
robustness, and runtime on both real-world and simulated
challenging indoor environments. The localization tests were
carried out using an omni-directional mobile robot with
wheel odometry and a 16 channel 3D LiDAR (Robosense
RS-LiDAR-16 for real-world tests). To assess the effective-
ness of tackling particle degeneracy, a 10% systematic error
was introduced to odometry estimates during all experiments.
For fair comparison, the proposed system was evaluated
against a standard particle filter based baseline implemen-
tation (mcl_standard) which uses the same motion and
observation models given in (3) and (6).

A. Accuracy

Accuracy evaluations were carried out at a roughly 7m
long square room with planar walls. Due to the unavail-
ability of ground-truth, localization errors were estimated
against reference poses obtained by performing scan match-
ing on the full LiDAR scan point clouds. The transla-
tional accuracy results can be seen in Fig. 2. The results
of mcl_optimal_raycast has been excluded since it has
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the same proposal distribution (and thereby accuracy) as
mcl_optimal. It can be seen that even with a single particle,
mcl_optimal achieves significantly higher accuracy than
mcl_standard with 500 particles. Furthermore, it should
also be noted here that the accuracy of mcl_standard
degrades as the o (sensor noise) value used in the observation
model is inflated. Together with the following results on
robustness, this highlights the trade-off between accuracy
and robustness in standard particle filters. Similar accuracy
results were also observed for the rotational estimates in the
real-world environment, as well as on a simulated Gazebo
environment with ground truth.

Translational Error vs Number of Particles

140
—e—mcl_optimal

12.0 mcl_standard 0=0.02m
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10.0 mcl_standard 0=2.0m
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Fig. 2. Translational accuracy results in the square room environment

B. Robustness to Ambiguity

Robustness to ambiguity was evaluated with simulated
data from three challenging environments: a 100m long
featureless corridor, a set of three identical square rooms of
10m length, and a large circular room of 20m diameter. The
path taken by the robot in the circular room environment
is shown in Fig. 3. A large unmapped partition occludes
the exit way during localization, such that there is roto-
translational ambiguity in the generated LiDAR scans. Ide-
ally, the localization system must capture this uncertainty
through appropriate dispersion of particles such that the robot
is able to recover its exact pose as it reaches the exit way.

Fig. 3. Circular room environment with large unmapped partition (in red)

Localization results over 10 trials can be seen in Fig. 4.
A trial is considered “fault-free” if the localization system
maintains at least a single particle within a meter to the
robot’s true pose throughout the run, and recovers the exact

pose at the end. It can be seen from the results that the
robustness of mcl_standard improves to a certain extent
when the sensor noise o is inflated. However, as observed
previously, this is at the cost of lower accuracy. Despite
inflating the sensor noise in mcl_standard, it is still found
to be significantly outperformed by mcl_optimal. Even with
just 50 particles, mcl_optimal is seen to be more robust
than mecl_standard run with up to 500 particles. Similar
results were obtained for the experiments in the identical
rooms and corridor environments. The particle distribution
during a localization run is illustrated in Fig. 5. It can be seen
how mcl_optimal captures the ambiguity more effectively,
allowing for greater robustness with fewer particles.

Number of Fault-free Runs vs Number of Particles

Fault-free Runs
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0
0 100 200 300 400 500

Number of Particles

—e—mcl_optimal mcl_standard 0=1.0m mcl_standard 6=2.0m —e—mcl_standard 6=3.0m

Fig. 4. Robustness results in the circular room environment over 10 trials

(b) mcl standard o = 3m

(a) mcl optimal

Fig. 5. Particle distribution (blue arrows) during localization in circular
room environment

C. Robustness to Map Discrepancies

A simulation test was carried out in a simple environment
consisting of a planar corridor and a door, as shown in Fig.
6. The door is left open during mapping, and closed during
localization. Localization results over 10 trials can be seen
in Fig. 7. A trial is considered successful if pose estimate at
the end of the run is within 1m of the true pose. As expected,
inflating the o (sensor noise) values in mcl_standard is
found to improve robustness as it dampens the impact of
scan points from the unmapped door. mcl_optimal is found
to perform worse than mcl_standard with 0 = 3m, as
the low fidelity observation model of mcl_optimal uses
a o value of 2m. Counter-intuitively, the performance of
mecl_optimal is seen to drop with increasing particles. This
is due to the higher chance of particles being drawn at wrong
locations where the scans are more consists with the false
map. mcl_optimal_raycast on the other hand achieves a
100% success rate with just 25 particles, as it can identify
the door as a dynamic object and account for it accordingly.
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Thereby it outperforms the baseline systems even with 20
times fewer particles.

—

Fig. 6. Closed door environment

Number of Successful Runs vs Number of Particles
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Fig. 7. Robustness results in the closed door environment over 10 trials
Robustness to ambiguity and map discrepancies was also
evaluated on real-world data collected for the ROPOD project
at a challenging hospital environment. The environment
consists of 60m long featureless corridor with both dynamic
and semi-static objects as seen in Fig. 8. The localization
results are shown in Fig. 9. Again, mcl_optimal_raycast
is seen to have a 100% success rate with just 25 particles,
which outperform the baseline systems having even 20
times as many particles. Unlike with the closed door tests,
mcl_optimal is also found to outperform mcl_standard
(with 0 = 3m) due to the less challenging impact of map
discrepancies and greater ambiguity in the environment.

Fig. 8.  Map points (purple) and scan at hospital corridor with occlusion
from carts (orange circles) and people (red circles).

D. Runtime

The computation time per particle to perform a single
prediction and update step is shown in Fig. 10. It can
be seen that the computational costs of the proposed systems
are only 10-20% higher than the baseline. This is due to the

Number of Successful Runs vs Number of Particles

10

Successful Runs
(=)}

0 100 200 300 400 500
Number of Particles

—e—mcl_optimal_raycast
mcl standard 6=2.0m

—e—mcl_optimal
—eo—mcl standard 0=3.0m

mcl_standard 0=1.0m
Fig. 9. Robustness results in the hospital environment over 10 trials

additional computation time of the optimal proposal being
relatively small in comparison to the N = 300 costly nearest
neighbor search operations in the observation model. Further-
more, since ray casting is performed on a heavily downsam-
pled set (L = 10) of points, mcl_optimal raycast is found
to be only slightly more expensive than mcl_optimal.

Computation Time per Particle
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Fig. 10. Computation time per particle

V. CONCLUSION

In this paper, we have presented an effective indoor local-
ization system for 3DOF wheeled mobile robots equipped
with 3D LiDAR sensors. The proposed system addresses two
of the major issues with the typically used standard particle
filter based localization systems. The particle degeneracy
problem was tackled with an efficient implementation of an
optimal particle filter by utilizing surface normal constraints.
The accuracy-robustness trade-off when dealing with map
discrepancies was handled with the use of separate obser-
vation models in the prediction and update steps of the
filter. Evaluation results on both simulated and real-world
data confirm that the proposed solutions enable significantly
higher accuracy, robustness to ambiguity, and robustness
to map discrepancies with only slightly higher per particle
computational costs. In future work, the proposed system
needs to be extended and evaluated with 6DOF localization.
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