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Abstract—Lidar-based positioning in a 2D map is analyzed as
a method to provide a robust, high accuracy, and infrastructure-
free positioning system required by the automation development
in underground mining. Expressions are derived that highlight
separate information contributions to the obtained position ac-
curacy. This is used to develop two new methods that efficiently
select which subset of available lidar rays to use to reduce the
computational complexity and allow for online processing with
minimal loss of accuracy. The results are verified in simulations of
a mid-articulated underground loader in a mine. The methods are
shown to be able to reduce the number of rays needed without
considerably affecting the performance, and to be competitive
with currently used methods. Furthermore, simulations highlight
the effects of errors in the map and other map properties,
and how imperfect maps degrades the performance of different
selection strategies.

Index Terms—underground positioning, sensor management,
sensor selection, lidar, mine localization

I. INTRODUCTION

Up until today, the majority of positioning systems available
in underground mines have focused on personal safety and
emergency rescue, where knowledge of who is in the mine
and at what level is enough [1]. However, a real-time, highly
accurate positioning system would have the potential to signif-
icantly improve safety for present human workers, contribute
to the advancement of automated vehicle systems, and enable
the deployment of productivity improving fleet management
systems for underground operations. [2].

Today, autonomous operation in underground mines is
possible for specific tasks and preconditions, e.g., loaders
navigating along prerecorded paths are commercially available
from Sandvik, Caterpillar, and Epiroc [3]. These systems rely
on laser scanners, odometry, and inertial measurement units
(IMUs) to solve their tasks. These applications do not require
global positioning due to prerecording of the environment.

Dead reckoning based localization, using IMUs and odom-
etry, is a favorable solution as it requires no external infras-
tructure and is robust to the dirty mine environment. However,
it inherently suffers from drift [4] and cannot be used alone
for extended periods of time, but is an important component
when fused with other information sources [1, 5].

This work was partially supported by the Wallenberg AI, Autonomous
Systems and Software Program (WASP) funded by the Knut and Alice
Wallenberg Foundation.

WiFi network [6], RFID [7, 8], and ultra wideband (UWB)
[1, 9, 10] based methods are often put forward for indoor
positioning. WiFi and RFID have been reported to provide
meter accuracy in office environments, but dust and fog as
well as roughness and irregularities in the walls distinguish the
underground environment from the indoor scenario. Attempts
with WiFi based positioning in underground environments
reports lower accuracy [11, 12]. UWB is a promising technol-
ogy due to its high precision (15 cm reported indoors [13]).
However, metallic objects can cause disturbances [7] and
sensitivity to optimal placement of the UWB anchors [14]
limits the applicability in mines.

Another possible method is to compare lidar measurements
to a map [15]. This has been used with good results indoors,
and uses the same sensors as existing commercial autonomous
mine solutions have. Hence, this is the solution pursued in this
paper, taking into account the availability of accurate maps and
limited computing power.

The environment in an underground mine changes dynami-
cally as the result of tunnels being extended, falling rocks, and
wall reinforcements. Accurate map creation is considered in
[2]. In this paper the map is assumed known beforehand, and
the effects of map inaccuracies are considered in the analysis
and evaluation.

Lidars typically produce a high number of measurements to
process. The loader considered in this paper features two 2D
lidars, each covering 180◦ and with a resolution of 1◦ at 20Hz
and in the future 3D lidars with higher update rates are to be
expected resulting in even larger amounts of measurements.
Hence, methods to limit the computations, without losing
quality are necessary to achieve real time performance. This
leads to the sensor selection problem studied in this paper.

The sensor selection problem is a well-known topic [16,
17] and can be formulated as an optimization problem. In
this particular case, to choose which individual lidar rays to
process to maximize the accuracy in the position estimate. In
general the optimization problem is computationally expensive
to solve. Convex relaxations [18, 19] can simplify, but the
problem is still too complex to be solved in real time. Greedy,
but sub-optimal, approaches are therefore often used. They
requires a proxy of the quality measure that is sub-modular
to guarantee optimality [20]. The mean square error (MSE)
as a performance measure is not sub-modular, but often still
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Fig. 1. An articulated vehicle with one lidar mounted at the front part of
the vehicle and one at the rear part. The origin of the sensor fixed coordinate
system is the point in the middle of the front wheel axis. The thin lines
represent a subset of available laser rays.

performs well in simulations [21, 22].
This paper studies the problem of positioning a loader in an

underground mine with help of lidar measurements and a 2D
map of the environment. The contributions are the following:
• A thorough analysis of the information available in the

lidar measurements. Expressions are derived, in which
the contributions to the information are separated into
contributions related to the map and to the pose of the
vehicle.

• Two different greedy methods to approximate the solution
to the sensor selection problem. One based on an analysis
of the map, and one studying the obtained measurements.
Both based on the analysis of the information content.

• Simulation studies to evaluate the properties of the theo-
retical results.

This paper is structured as follows. First in Sec. II the esti-
mation problem, the map representation, and a solution given
lidar measurements are presented. The information available
from the measurements is analyzed in Sec. III, and based on
this, solutions to the sensor selection problem are derived in
Sec. IV. The methods are then evaluated in Sec. V before
concluding remarks are given in Sec. VI.

II. POSITIONING SOLUTION

The pose of the considered mid-articulated loader is esti-
mated using an unscented Kalman filter (UKF) which com-
bines measured odometry and IMU data with how well lidar
measurements fit the map. As illustrated in Fig. 1, the pose at
time k, xk =

[
xk, yk, θk

]T
, comprise the Cartesian position

(xk, yk) in the map reference, and the heading θk. The
articulation of the loader is assumed known.

A. Dynamic Model

The motion of the loader can be predicted based on odom-
etry and IMU measurements as

xk+1 =

xk + vk cos θT
yk + vk sin θT

θk + θ̇kT

+ uk, (1)

where the speed vk comes from the odometry, the change
of heading θ̇k from the gyroscope in the IMU, and T is the
sample time. The process noise, uk, captures the errors in the
measured motion. It is assumed to be Gaussian white noise,
uk ∼ N (0,Qk).

The process noise includes errors from the odometry, pre-
dominately stemming from wheel slip and skidding, and noise
in the IMU measurements, introduced by vibrations. These
factors, which might vary between scenarios depending on
properties of the mine environment, determine the noise levels
to use. For example, some wheel slip will almost certainly
occur during bucket loading. Underground loaders typically
has the capacity to transport 10–20 tonnes of raw material
in their buckets. A filled/empty bucket will influence the
dynamics of the vehicle, which has to be accounted for by
the noise level.

B. Lidar Measurements

The predicted pose is corrected by using the distance to the
mine walls, measured by the lidars mounted on the loader, as
illustrated in Fig. 1. Each lidar covers 180◦ with a distance
measurement each degree. The resulting measurements can
mathematically be described by

yk =


h1(xk,M)
h2(xk,M)

...
hK(xk,M)

+ ek, (2)

where yk is a vector of measured ranges for each individual
laser ray at time step k, M represents the map, and ek is
the measurement noise which is assumed white and Gaussian,
ek ∼ N (0,Rk).

Each laser ray i gives rise to

hi(xk,M) = ‖mi − xk‖, i = 1, . . . ,K, (3)

the distance to the wall in the direction of the ith ray, and
where mi is the point in the map where the laser ray will hit
the wall. Hence, mi, is a function of the mapM and the pose
of the loader. The point mi can, e.g., be determined using ray
casting.

The error in the lidar measurements originates mainly from
four sources:
• Errors in the map.
• Errors due to the assumption of a planar 2D world. The

lidars are mounted at a fixed height and since the ground
where the vehicle is driving is not perfectly planar, the
roll and pitch of the vehicle will make the laser ray hit
a different vertical spot on the wall than intended. This
adds errors especially for long range measurements due
to the angle of the measurement.

• Errors from the underlying physics of the lidar. At large
ranges the rays become cone shaped. This makes the error
depend on the range of the measurement and also the
inclination angle of the ray to the wall. [23]
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Fig. 2. The error in a map can be described by the perpendicular disturbance
z in a point m′ in the map.

• Errors from the articulation angle sensor, which causes
the ray to be cast in a different direction than expected,
resulting in the wrong distance being measured.

For simplicity, the measurement noise in each direction can
be assumed independent, resulting in a diagonal covariance
matrix Rk.

C. Map Representation

The predefined 2D map consists of line segments put
together to build up the wall structure of the area of operation
seen from above, see Fig. 1. The map, M, is represented by
a set of corner points,

M = {p0,p1, . . . ,pn}, (4)

listed in a counter clockwise manner. The straight line seg-
ments

`j = pj+1 − pj , (5)

connecting the points represent the walls. Any points on a wall
segment can be parametrized as

m = ps0,j + se‖,j , (6)

with j ∈ [0, n− 1], s as a scalar distance parameter, ps0,j as
the point on `j where s = 0 and

e‖,j =
pj+1 − pj
‖pj+1 − pj‖

. (7)

A map can be acquired by a pre-mapping procedure where
laser data is recorded either by the loader itself or by some
other vehicle. Or, the map can be obtained from drawings
made during the planning phase of the mine area. Both
acquisition methods incorporate errors in the map due to the
walls not being flat in the vertical direction, but also long
straight tunnels drifting in direction. The former method will
give a map with a more refined resolution of irregularities of
the walls and the latter will give more conceptual maps with
smoother walls.

The error in a map can be described as a perpendicular
disturbance

z = ze⊥,j (8)

at a point m′ in the imperfect map, see Fig. 2. A point on the
wall, or a point in a more accurate map, can then be written
as

m = m′ + z. (9)

D. Unscented Kalman Filter

The unscented Kalman filter (UKF) [24] will be used to
provide estimates of the pose of the loader. It is used as an
approximation of the Kalman filter. The UKF approximation is
suitable for problems where differentiating the motion and/or
measurement model is hard, as it only relies on function
evaluations. This is advantageous as the ray casting step in
the measurement model is difficult to differentiate. See [25]
for a complete derivation of the UKF. Implementation details
can be found in [26, 27].

III. INFORMATIVE SENSOR MEASUREMENTS

The sensor selection problem consists of finding the subset
of lidar measurements that are as informative as possible with
regard to the position estimate.

A. Cramér-Rao Lower Bound

The Cramér-Rao lower bound (CRLB) provides a lower
bound of the variance of any unbiased estimator of x,
cov(x̂) � I−1(x) where

I(x) = −Ey(∇2
x log p(x,y)), (10)

given mild regularity conditions [28]. I(x) is the Fisher
information matrix (FIM) and information from independent
measurements are additive

I(x) =

K∑
i=1

Ii(x). (11)

The individual measurements in (3), each give rise to an
information contribution

Ii(x) = ∇Txhi(xk,M)R−1i ∇xhi(xk,M). (12)

Summing up the individual contributions yields the total
information gained by one full lidar scan measurement. The
remainder of this section outlines the different contributions
to this information gain.

B. Information in Lidar Measurements

First consider the derivative ∇xhi(xk,M) as defined in
(3), where the arguments will be dropped to simplify the
notation. A large value of this derivative will produce a large
information contribution. The interpretation of it is the change
in distance from the laser sensor to the wall, when the vehicle
pose is perturbed. The chain rule yields

∇xhi = ∇r ‖r‖∇x (p`(x)−mi(x, φi)) . (13)

where r = mi−p`, and p` is the position of the laser sensor.
The first factor turns into a projection on the direction of

the ray, given by the unit vector eφi
. This gives the first term

∇r ‖r‖∇xp` = eTφi

([
I2×2 02×1]) , (14)

which is interpreted as an information contribution in the
direction of the ray that is always present independently of
the map and the state.



Applying the chain rule again on the second term yields

−eTφi
∇xmi = −eTφi

∇smi∇xs = −eTφi
e‖,j∇xs (15)

where the last equality is from (6). This term describes how
the vehicle position, relative the angle of the line segment,
determines in what direction the measurement is informative.
All scaled by the inclination angle of the laser ray to the line
segment of the wall.

In total

∇xhi = eTφi

([
I2×2 02×1]− e‖,j∇xs

)
, (16)

which holds if the map is perfect without errors.

C. Imperfect Map

Incorporate the error representation introduced by (8) and
(9) yields

∇xhi = eTφi

([
I2×2 02×1]− e‖,j∇xs+∇szie⊥,j∇xs

)
, (17)

noticing that e‖,j and e⊥,j now refer to a line segment in
the imperfect map. The contribution from this new third term
to the state estimate, explains how errors in the map affect
the position estimate. Assuming that the imperfect map is a
smoother representation of the walls not capturing all irregular-
ities, another interpretation is the influence of roughness of the
wall on the information contribution. If the non-smoothness
would be captured in the map, this term gives the information
contribution by the small irregularities.

The information from one single laser ray can be calculated
by,

∇Txhi∇xhi =

[
eφie

T
φi

02×1

01×2 0

]
−
(
eTφi

e‖,j +∇szieTφi
e⊥,j

)([eφi

0

]
∇xs+∇xs

T
[
eTφi

0
])

+
(
1 + (∇szi)2

)
∇xs

T∇xs, (18)

neglecting R−1i since it is just a scalar constant for an
individual laser ray. As already mentioned ∇xs explains the
direction of the information contribution, this is then scaled
by the inclination angle of the ray to the wall and by ∇szi.
∇szi is independent of the position of the vehicle and depends
only on the map. Therefore in theory, it is possible to inspect
only the map to find regions with a large potential of giving
information measurements. Problems arise if the resolution of
the irregularities are higher than the resolution of the sensor
or the uncertainty of the positions, or if they are simply not
included in the imperfect map.

The information contribution from a single laser ray is
greater when the inclination angle is smaller, i.e., eφi

is close
to parallel to the wall. This is problematic since the uncertainty
of the measurement increases at the same time due to the cone
effect of the laser ray. It is therefore unreliable to maximize
the information on this objective alone.

Using the geometry of the problem (see Fig. 1), an explicit
expression for the parametrization of a line segment can be
obtained

s =
|ps0 − p`|

tanα
, (19)

where α = arccos(eT‖,ieφi). This yields the gradient

∇xs =
|ps0 − p`|
sin2 α

[
0 0 1

]
− cosα

sin2 α

[
eTφi

0
]
+

1

tan2 α

[
eT‖,i 0

] (20)

where the first term is the contribution in the heading direction
of the vehicle, and the second and third terms is in the transla-
tional directions. Also here the problem with the contribution
in each direction being greater when the inclination angle is
small is present.

D. Map Corner Points

Up until now, it is assumed that which line segment a laser
ray hits is known. In close vicinity to the corner points pj
this is uncertain. Here, ∇xs is undefined and adopts different
values if the corner is approached along `j or `j+1. The
difference between the values depend on the angle between
the two line segments and the inclination angle of the laser
ray.

A large difference implies that the measurement is infor-
mative. Corners can be either convex or concave and a large
angle between the line segments will in general increase the
likelihood of getting informative measurements. But, how
much this effect can be utilized depends on the inclination
angle of the ray.

IV. INFORMATIVE SENSOR SELECTION

Sec. III provides tools to offline analyze a map to gain
knowledge about which regions of the map that will give par-
ticularly informative laser measurements. This section studies
how the actual sensor selection can be performed with this
knowledge in mind.

A. Sensor Selection Problem

First let us introduce a sensor selection vector

w = [w1, w2, . . . , wM ]
T (21)

where each wm ∈ {0, 1} and wm = 1 indicates that the mth
laser measurement is selected. Using the additive property of
the FIM allows for rewriting of (11) as

I(x) =
M∑
m=1

wmIm(x). (22)

With a Bayesian approach the a priori error covariance can be
taken into account [29], then the FIM can be decomposed into
one part ID, from the obtained data, and one part IP , from
the a priori error covariance,

I = ID + IP =

M∑
m=1

wmIm(x) + IP . (23)



By letting P represent the a priori error covariance, assumed
Gaussian, the expression for the FIM follows,

I =
M∑
m=1

wmIm(x) + P−1. (24)

Using the trace of the covariance matrix of the state estimate
as a scalar performance measure, the sensor selection problem
can be formulated as an optimization problem. Select K laser
measurements out of the total M that minimizes the trace of
the inverse FIM

minimize tr

[ M∑
m=1

wmIm(x) + P−1
]−1

subject to 1Tw = k

wm ∈ {0, 1} , m = 1, . . . ,M.

(25)

Solving this optimization problem will give the best set of
laser measurements in each measurement update; but it is not
computationally feasible to solve, not even for rather small
values of K and M . Below, three different sensor selection
strategies are presented with this in mind.

B. Uniformly Distributed (UNI)

The least computationally demanding and most straight for-
ward strategy, is to select rays uniformly over the transmission
angle. This strategy will be referred to as uniformly distributed
(UNI). Every i th ray is selected and the result is sensitive to
which ray chosen as starting index. No information about the
map or the position of the vehicle is taken into consideration;
but, this strategy is fast and computationally efficient. The UNI
strategy is today used in applications where the computational
resources are not enough to process all laser rays, and is
therefore used as a benchmark in the experiments section.

C. Greedy with Adjacent Rays (GAR)

A computationally feasible strategy is to solve the opti-
mization problem with a greedy approach. Solve (25) for one
measurement, fixate it in the set of selected measurements,
and then again solve (25) with the remaining measurements.
Continue iteratively until K measurements are selected. This
method does not provide any optimality guarantees [21]. For
the system of the mid-articulated loader, Fig. 3 shows how
the CRLB decreases when the number of laser measurements
used increases. Fig. 3 shows that the greedy approach is at
least better than the UNI strategy.

Even though the greedy approach makes the problem feasi-
ble it is still too computationally heavy to perform online. If
a point or region in the map is identified as informative, the
selection strategy should make sure to capture that point/region
even if the current position is uncertain. Therefore, it makes
sense to select a burst of adjacent rays rather then selecting
them one by one. Denote this strategy greedy with adjacent
rays (GAR). Fig. 4 indicates that the information captured in
a laser scan is very concentrated to only a few laser rays. A
scan with 60 uniformly distributed rays is only as informative
as 5 wisely chosen ones.
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Fig. 3. The trace of the CRLB of the pose estimate when an increasing
number of laser measurements are used. This is for Pose A in Fig. 5 in the
realistic map (the blue one). The red line is for a single instance of the UNI
strategy, and the dotted green line is when the UNI strategy is averaged over
all possible starting index offsets of the transmission angle.
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Fig. 4. For Pose D in Fig. 5 the trace of the CRLB is 0.0086 using 60
uniformly distributed rays. This is the black rays in the image. The 8 red
laser rays are chosen according to the greedy approach, which yields only
0.0079 as the trace of the CRLB.

The selection strategy is then to first use the greedy ap-
proach to select a few laser rays, then add adjacent rays to
compensate for the position uncertainty. If any of the first
greedily selected rays are close to any other, there is a risk
for selecting the same ray twice when adding adjacent rays.
If that is the case, the algorithm will add more adjacent rays
from one side.

D. Local Difference in Measurement Data (LDM)

To cut the computational cost even more, a strategy is to
consider only the observed lidar measurements, and assume
that the properties of the map is incorporated in that data.
This selection strategy will be referred to as local difference
in measurement data (LDM). The idea is to compute the
local difference in range between all adjacent pairs of laser
rays, and then select the pairs that has a high difference. This
corresponds to measurements where ∇xs, and possibly also



∇sz are large in magnitude. Typically, a convex corner where
the ray either hits or miss the wall will be selected. There is
also a possibility that the high difference corresponds to only
a large ∇sz. This could be a large irregularity or, if the map
is not perfect, it could be an error in the map. In that case the
selected measurement will give false information.

Due to the position uncertainty this strategy will select a few
high-difference pairs, and then add adjacent rays. This strategy
however, completely ignores in which direction (x, y, or θ
in the state vector) the sensor measurement is informative. It
will only find regions that has large ∇xs in magnitude, but the
components of ∇xs are completely unknown. The first term in
(18), tells us that a measurement always gives information in
the aiming direction. At least for the Cartesian x, y directions.
To avoid a situation where all selected rays are informative in
the same direction, this strategy spreads the aiming angles of
the selected rays by splitting the observable half disc of each
lidar into equally sized sections. In each section the ray pair
with the largest difference is selected and adjacent rays are
added. If the selected pair is close to the border of the section
the adjacent rays are added from only one side.

V. EXPERIMENTS

A simulation study is conducted to show how the different
selection strategies UNI, GAR and LDM, performs with regard
to the precision in the position estimate. The strategies are
also compared to the case of using all available measurements
without selection.

A. Setup

The two horizontally mounted lidars in total produce 362
laser measurements in each scan, 60 of them are selected
for processing. With the GAR strategy, 6 rays are selected
according to the greedy approach and then 9 adjacent rays are
included. In the LDM strategy, each observable half disc of
the lidars is split into 3 sections, where the pair with largest
numerical derivative is selected and then adjacent rays are
added.

Simulations are performed with two different maps covering
the same operational area. One is created from real sensor data
and the other one is a synthetic version with straight walls,
referred to as the realistic and simplified map, respectively.
Laser scans are simulated by geometrically calculating the
ranges from the lidar position to the wall and then add white
Gaussian noise with standard deviation 35mm according to
the specification of the physical Lidar (sick LMS500 series).

In the operation area, four vehicle poses with different
conditions for position estimation have been chosen where
one measurement update of the UKF is performed, see Fig. 5.
Pose A is in the middle of a long tunnel, far away from corners
that can give a high value of ∇xs, which makes this pose hard
from a positioning point of view. At least in the x-direction. In
Pose B a T-junction is present just ahead of the vehicle, which
puts a few points with large ∇xs into the field of view of the
lidar. In Pose C and D the vehicle is placed in the middle
of a cross-section where a lot of informative points/regions in

Fig. 5. Different poses considered for one measurement update of the UKF.
The two maps are overlaid with the simplified map in green and the realistic
map in blue.

Fig. 6. The RMSE from 10000 realizations when one measurement update is
performed for different selection strategies of laser measurements. See Fig. 5
for the vehicle poses A, B, C and D. The edges of the boxes indicates 25th
and 75th percentiles, and the median is marked with a horizontal line. The
whiskers extend to the most extreme data points not considered outlier, and
outliers are marked individually with a circle.

the map is visible in the sensor measurements. This situation
is easier with regards to the position estimation, but is more
complex for the selection strategies to prioritize what regions
are most important.

The UKF is tuned as α = 0.8, β = 2, κ = 0 and the
measurement noise covariance is, R = 0.0352I. The values of
β and κ are commonly used standard values, while the value
for α is non-standard, tuned for this particular application by
prior experiments.

The initial pose is perturb with a prior uncertainty with
covariance

P0 =

10−4 0 0
0 10−4 0
0 0 10−6

 , (26)

intended to reflect the desired precision in the state estimate.
The precision on the heading is in accordance with the desired
translational precision on the rear corner of the vehicle.

B. Simplified Map

Fig. 6 shows the root mean square error (RMSE) of the
state vector after the correction is performed in the simplified



Fig. 7. The RMSE when one correction step is performed in the different

poses, when the prior uncertainty, P0 = σ2

(
1 0 0
0 1 0
0 0 0.17452

)
is increased. The

blue horizontal lines are
√

tr(P0) for each value of σ2. All 362 available
laser measurements are used.

map. For Pose A, the GAR strategy outperforms the other
strategies, and in Pose B this is even more emphasized. In
Pose C and D where a lot of corners are present LDM, and
GAR gives far better results than the UNI strategy. They are
even at the same order of magnitude as when all 362 rays are
processed. Since the LDM strategy is computationally cheap
compared to the GAR strategy, it is worth noting that they
perform equally when there is a lot of information in the map.
When the information is sparser in the map, LDM performs
worse.

C. Realistic Map

Fig. 6 also shows the results from the same simulation
setup applied on the realistic map. As for the simplified map,
in general GAR is the best performing strategy. For Pose C
and D the RMSE for all strategies are higher than for the
simplified map, which means that the pose estimate cannot
take advantage of the irregularities of the walls. Not even when
using all 362 rays. The relatively large value of α can cause
the filter to smooth out the irregularities. Or, the uncertainty
in the pose causes the ray to hit the wrong small feature. In
the realistic map the irregularities of the walls are on the order
of decimeters, and P0 is in the order of centimeters. But (20)
together with the results in Fig. 7 where the correction step is
performed with increasing prior uncertainty in the state vector,
indicates that this is not enough. If it were, the RMSE would
be smaller in the realistic map compared to the simplified when
the prior uncertainty is decreased. The heading component
in (20) describes how ∇xs gets larger in magnitude for
long range measurements with small inclination angles, which
means the measurements with these characteristics have a good
potential of being informative. But, if ∇xs is larger than the
irregularities of the walls, these measurements will give false
information since they hit the wrong irregularity. The risk to
encounter this effect increases for long range measurements
with small inclination angles.

Fig. 8 depicts how the rays are selected in Pose D for the
different selection strategies. The GAR strategy selects fewer

Fig. 8. The selected rays for different strategies are visualized for Pose D.
Grey lines are UNI, red is GAR and blue is LDM. The purple fields are when
GAR and LDM strategies overlaps.

Fig. 9. The RMSE when one correction step is performed with laser data
simulated in the realistic map and the estimation done in the simplified map.

The prior uncertainty, P0 =

(
1 0 0
0 1 0
0 0 0.17452

)
. The blue horizontal line is√

tr(P0).

long range measurement than the LDM strategy and that is
probably why it performs better in this situation.

There is an interesting situation in Pose B and C where using
all 362 rays are worse than any of the selection strategies.
Since this cannot be seen in the simplified map this is probably
also an effect of the rays hitting the wrong irregularity.

D. Map with Errors

To simulate a scenario of a map with errors, now consider
the realistic map as a perfect representation of the walls,
and the simplified map is the only available map. Lidar
observations are simulated from the realistic map and the
position estimation is performed in the simplified map, see
Fig. 9 for results. To get the estimated pose to be more accurate
after the correction step than before, P0 had to be increased
to meter precision for this simulation. That is not surprising
since the errors in the map are of this order of magnitude.

The LDM strategy performs poorly when there are errors
in the map. Regions/points of interest that are captured in
the observed data are simply not present in the map. That is



according to the results worse than the opposite, choose points
of interest in the map and then receive measurements that are
not corresponding, as is the case for the GAR strategy. But
neither LDM nor GAR are significantly better than the UNI
strategy when this type of errors are present in the map.

VI. CONCLUSION

The demand of robust, highly accurate, infrastructure-free
positioning systems for the underground mining industry is
complicated by real-time requirements and limited computa-
tional resources. In this work we have shown the possibility
to reduce computational complexity while preserving quality
in a 2D lidar-based position estimate by cleverly selecting a
subset of laser measurements.

By analyzing the information contribution of each laser
ray measurement, expressions were derived that separates the
contribution from the map geometry itself and the relative
sensor position. The expressions expose a contradiction for
long range measurements with small inclination angles. These
are potentially the most informative measurements, but on the
same time the measurements with largest error. Especially in
maps with high resolution of irregularities of the wall, there
is a risk that the laser ray hits the wrong feature in the map
due to prior uncertainty of the position. Additionally, in case
of an imperfect map the features might not even be present.

The information analysis indicated which ray measurements
are informative and have been used to develop two selection
strategies. One is based on map geometry and the other one
on observed data. Simulation experiments have shown an
improvement in accuracy of the position estimate compared to
the baseline strategy of uniformly selecting laser rays for both
strategies. The strategy based on map geometry performed
slightly better than the one base on observed data, but the latter
required less computational resources. In the situation of a
flawed map, simulations indicate that the developed strategies
lose performance. Future work will therefore target the issue
of finding strategies that robustly handles imperfections in a
map.
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