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PROBLEM
The classical observation model in Monte

Carlo Localization (MCL) assumes indepen-
dent noise in each individual measurement
beam in the laser scan (Thrun et al., 2005).
Also it assumes independent noise in each
beam from scan to scan.
In practice, the noise in adjacent beams
maybe largely correlated due to several
causes such as: incomplete map, unmod-
eled moving obstacles, posterior approxi-
mations (Thrun et al., 2005) This will result
in peaks in the likelihood measurement func-
tion. These peaks leads to incorrect parti-
cles distribution in the MCL and then maybe
even to incorrect localization.

CONTRIBUTION
In this research a modification to the ob-

servation model has been proposed. This
modification reduces the peaks generated in
the observation likelihood function. Specif-
ically the peaks generated due to the invali-
dation of the independent noise assumption
between different measurement beams.

SOLUTION

In this research, an improvement in calculating the likelihood function in MCL is proposed through ne-
glecting the measurements that suspected to invalidate the independent noise assumption. The neglec-
tion is done based on the relative distance between adjacent measurement points in the 2D space. Based
on the assumption that the very close points in the 2D space are most likely to be reflected from the same
obstacle. On the other hand, reducing the number of beams will reduce the computations required for
localization.

RESULTS

Normalized translation and orientation errors for different obstacles cases.
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SIMULATION
The described reduction scheme has been ver-

ified using Robot Operating System (ROS) and
stage simulator. Global localization has been
used in all simulations. The robot is assumed to
operate inside a small room with only two fixed
rectangular obstacles and 8 umodeled obstacles.
See the figures above for the normalized transla-
tion and orientation errors.

CONCLUSION
A modification to the observation model of

MCL has been proposed. This modification re-
duces the peaks in the observation likelihood
function. Specifically the peaks generated due
to the invalidation of the independent noise as-
sumption between different measurement beams.
The simulation results show improvement in both
location estimation error and the computations
required for localization.

CONTACTS
Name Anas Wasill Alhashimi
Email anas.alhashimi@ltu.se
Phone 0920-492167
Web http://www.ltu.se/staff/a/alhana-1.93599

FUTURE DIRECTIONS
As future work, it is possible to find a reliable

method to calculate or estimate the conditional
probabilities instead of neglecting some measure-
ments. Also it is useful to find solutions to other
causes of the peaks in the observation model. This
will definitely improves the localization further.

METHOD
MCL is a particle filter based implementation

of recursive Bayesian filtering for robot localiza-
tion (Fox et al., 1999). In each iteration of MCL,
the so-called observation model p(zt|xt,m) is used
to the correct the proposal distribution according
to the recursive Bayesian scheme.

bel(xt) =

∫
p(xt|ut, xt−1)bel(xt−1)dxt−1 (1)

bel(xt) = ηp(zt|xt,m)bel(xt) (2)

when using Laser scanners, the total measure-
ment probability is the multiplication of all indi-
vidual beams probabilities,

P (zt|xt,m) =
K∏

k=1

P (zkt |xt,m) (3)

This is based on the independence assumption be-
tween the noise in each individual measurement
beam. In practice dependency exists which result
in peaks in the likelihood function. To reduce the
possibility of peaks existence, the specified mea-
surement is accepted or not based on the relative
distance to other points in the 2D point cloud.

P (zt|xt,m) =
K∏

k=1

P (zt|xt,m)

P (zt|xt,m) =

{
1 if |zkt − z

k−1
t | ≤ δ

P (zt|xt,m) if |zkt − z
k−1
t | > δ

The δ is the distance threshold value that specifies
the smallest distance to the next accepted point in
the 2D space.


