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Pose Estimation for Mobile Robots to Maximise Data Quality of
Fixed-Focus Laser Diagnostics in Hazardous Environments

Andrew West, Simon Watson and Barry Lennox

Abstract— Characterisation of nuclear environments is crit-
ical for long term operation and decommissioning. Laser
Induced Breakdown Spectroscopy (LIBS) is an example of a
scientific instrument that could be deployed to aid in charac-
terisation of unknown environments. LIBS consists of a high
intensity pulsed laser being focussed down onto a target to
create a plasma, and optical emission from the plasma is then
used to determine elemental composition of unknown mate-
rials. For robots deployed with these instruments in extreme
environments, mission time can be limited by hazards present
such as radiation. Once deployed a robot must be able to
collect the best data possible whilst maximising operational
runtime. We present a data quality based probabilistic ap-
proach to robot pose estimation to maximise data quality, by
considering optimum sensor placement whilst avoiding harmful
environmental features such as radiation for a fixed-focus laser
diagnostic such as LIBS. This approach is able to determine
optimum robot poses for arbitrary targets in 3D for arbitrary
diagnostic mounting with respect to the robot. The approach is
able to avoid obstacles and avoid occlusion of the target by said
obstacles. This can be used as part of autonomous investigation
and characterisation performed by mobile robots in hazardous
environments.

I. INTRODUCTION

Characterisation of materials is vital in the decommis-
sioning of nuclear facilities to correctly categorise waste
and sentence appropriately [1], [2], [3]. Typically, samples
are retrieved manually by a human wearing a bulky and
cumbersome air-fed suit and analysed ex-situ in a lab en-
vironment, however, there are inherent risks involved with
humans entering active environments, along with producing
extraneous waste such as suits and tools that have to be
safely disposed of. Furthermore, with large sites it may not
be feasible for a worker to retrieve the number of samples
required for effective characterisation, whilst access to some
locations is so restricted for safety reasons that sample
collection may be precluded completely.

A robotic platform equipped with a compact scientific
payload can manoeuvre through a inspection site to a target
of interest and sample in-situ, without the need for human en-
try nor materials being removed. Laser Induced Breakdown
Spectroscopy (LIBS) offers information on the elemental
composition of materials and has been demonstrated as a
viable technique to characterise nuclear materials [4], [5] as
well as being deployed on robotic platforms such as the Mars
Science Laboratory Rover, Curiosity [6].
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Radiation dose is a known limit to the integrity of on-
board electronics [7], [8], [9]. For a robot to minimise its
received radiation dose (and maximise operational runtime),
it may have to avoid certain locations where dose rate is
high, furthermore, chemical and radiological contamination
on surfaces also limit where a robot can traverse as it
is counter-productive to knowingly spread already present
contamination. Sensor placement by the robotic platform
should be optimised to provide the best data quality possible
in the minimum number of samples to maximise coverage
of the site, whilst actively avoiding undesirable locations to
prolong deployment lifetime.

This article presents a probabilistic approach to generate
robot poses which optimise data quality for robot deployed
focussed laser diagnostics, such as LIBS, sampling targets
in 3D.

II. ROBOTIC LIBS DEPLOYMENT

Laser Induced Breakdown Spectroscopy uses focussed
laser pulses to ablate a small volume of material and form
a plasma. The optical emission from the plasma can then
be used to infer the elemental composition of the material.
The proposed LIBS system to be deployed uses a single
lens arrangement for both laser pulse focus and plasma
emission collection, and in this sense the diagnostic can be
approximated as a point focus at some defined distance away
from its origin on the robot.

The focal length is the first restriction in terms of place-
ment of the LIBS diagnostic with respect to a target surface,
being out of focus may lead to poor plasma formation and
poor emission collection [10].

The spectral emission collected is also a function of angle
of incidence of the LIBS diagnostic [11], and it is desirable to
have the diagnostic as incident normal to the target surface as
possible. This is a second restriction on where the diagnostic
should be placed relative to the sample target to maximise
data quality.

These two factors distance D and angle of incidence γ
begin to define a sensor based approach to maximising data
quality for fixed-focus point diagnostics.

As shown in Figure 1, the LIBS diagnostic transmission
and collection optics are mounted on a pan and tilt stage onto
a small Unmanned Ground Vehicle (UGV), approximated as
holonomic. To simplify communicating the approach used
in this investigation, the diagnostic is able to move about a
singular point where the pan and tilt axis are co-located, and
the joint is placed at a known location relative to origin of
the chassis of the robot. For a given robot pose in Cartesian



space x y with yaw ψ there are values for pan φ and tilt θ
which result in the laser path intersecting at the target.
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Fig. 1. Diagram of robot deployed LIBS. The LIBS instrument (green)
may be located anywhere on the chassis of the robot.

There are restrictions on both pan and tilt axis due to
physical and optical limits, for example the robot chassis
may occlude the field of view when the diagnostic is tilted
downwards, furthermore, the rest of the diagnostic (laser sys-
tem, spectrometer) will likely be placed behind the collection
optics at the rear of the robot, leading to occlusion at extreme
angles of φ.

Restrictions on φ and θ play a role in defining the optimum
pose of the robot platform, however, other environmental
factors need to be considered. Not only do physical obstacles
limit the space in which the robot can be located, but may
occlude the target for the diagnostic. Abstract obstacles in
the form of radiation dose limits and contamination further
restrict available robot poses.

III. OPTIMISING LIBS DIAGNOSTIC PLACEMENT

A target is selected by an operator or by an autonomous
data collection algorithm in 3D with reference to an a priori
map, either collected by the robot as part of the operation
or sourced elsewhere. A map created by the robot would be
generated using techniques such as LiDAR. Using Simulta-
neous Localisation and Mapping (SLAM) and available path
planning algorithms the robot is capable of navigating to the
target. A well informed final pose of the robot can greatly
increase data quality during sampling as discussed earlier.

D = fD(x, y, ψ, t) = |dxyz − txyz| (1)

γ = fγ(x, y, ψ, t) = arccos

(
trpy · (d− t)
|trpy||d− t|

)
(2)

φ = fφ(x, y, ψ, t) = arctan

(
ty − dy
tx − dx

)
− ψ (3)

θ = fθ(x, y, ψ, t) = arccos

(
tz − dz

|dxyz − txyz|

)
− π

2
(4)

In a global frame of reference (most likely the coordinate
frame of the map) and given x y ψ values, vectors based on
robot pose, a known target location txyz and orientation trpy
and diagnostic location dxyz and orientation drpy (as long
as the relative transformation between the diagnostic and the

robot is known), yields the ability to compute the factors
D γ φ θ. These can be written as functions of xyψ as given
in (1) - (4).

For a given target location and robot pose (as estimated
through SLAM) in Euclidean space, the distance D between
the target t and diagnostic d in a global frame of reference
can be calculated using simple vector mathematics D =
|[tx, ty, tz]− [dx, dy, dz]|.

As a general rule, in a lab environment the focal distance
is kept as short as possible in the range of centimetres to
tens of centimetres to increase the laser shot intensity (as
focal spot size increases with focal distance) and improve the
performance of the optical emission collection by increasing
the numerical aperture, but far enough away that ablated
material does not coat the optics too quickly.

In contrast to lab based LIBS instruments, robot deployed
LIBS as part of the ChemCam instrument on the Curiosity
rover operates with a focal distance between 1.3 m and 7 m
as manoeuvring the rover is difficult and time consuming [6].
A terrestrial deployed robot does not suffer from the same
unique challenges as interplanetary robots, and therefore can
relocate more quickly and with less risk. A suitable stand-
off LIBS instrument designed to replace a human operator
should be able to mimic the sampling volume of a human
using a handheld LIBS instrument [12], being capable of
sampling from tz = 0 m to tz = 1.9 m. For a value of
tz = 1.9m, dz = 0.5 m and θ = 0.25π, the focal distance is
approximately 2 m. This focal distance of 2 m also allows
not only for good diagnostic coverage, but when sampling
hazardous substances the robot can be kept at a reasonable
separation distance between the target and robot, greater than
4 times the robot radius for this configuration.

The depth of laser focus is a function of many experimen-
tal factors such as wavelength, beam profile and transmission
optics, however, it is typically on the order of hundreds of
micrometers. This precision positioning can not be readily
achieved by a UGV, and so the instrument requires a variable
focus mechanism to autofocus on length scales similar to the
resultant error in LiDAR and wheel odometry SLAM.

A distance to a target estimated from a LiDAR map
will have an error relative to the global frame of reference.
Assuming an error of ±30 mm [13], a robot that relies on a
LiDAR system should have an autofocus system capable of
focussing through this error range.

If the target normal is expressed as a vector (possibly
derived from another coordinate system such as Euler angles
or quaternions) the angle deviation of the diagnostic relative
to the target normal can be calculated to find γ in 3D using
vector trigonometry.

The intensity of spectral emission collected is a function of
the angle of incidence of the collection optics relative to the
surface normal [14], and it is desirable to have the diagnostic
as incident normal to the target surface as possible with a
maximum angle of around 50◦ (≈ 0.9 rad) where emission
intensity is at a minimum. It is assumed that surfaces are
either flat (such as walls) or convex (such as barrels and
pipes), and so angles less than π/4 rad are acceptable.



The total orientation of the diagnostic required to point
at the target then provides the required pan and tilt angles
relative to the frame of the robot, once again if the transform
between the robot and the diagnostic is known. The combi-
nation of the angle between the diagnostic and the target,
minus the yaw of the robot to gives a φ value relative to the
robot forward position. Rather than θ being relative to the
z-axis, it is redefined to the xy plane by subtracting 0.5π.

Each factor that determines data quality and the diagnos-
tic’s physical limitations can be described by a probability
distribution, where the maximum value of 1 represents the
best data quality associated with that parameter.

As error distance to the target can be assumed to be
normally distributed, therefore, data quality in terms of
distance can be modelled as a Gaussian centred at the focal
distance (µ = 2 m), with a Full Width at Half Maximum
(FWHM) equivalent to the error of 0.03 m in estimated
distance to the target (σ = 2 ∗ 0.03/(2

√
2 ln 2)).

The shape of emission intensity as a function of angle of
incidence of the collection optical path can be approximated
as a Gaussian [14]. At an angle of 0.9 rad the intensity
is around 20% [14], and so the Full Width at Fifth of
Maximum is 2 ∗ 0.9, with the distribution centred about 0
(µ = 0 rad, σ = 2 ∗ 0.9/(2

√
2 ln 5)). The distribution tends

towards zero for angles approaching 0.5π to account for the
sampling geometry. The distributions for D and γ are shown
in Figure 2.
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Fig. 2. Distribution of acceptable values for Distance D and Angle of
Incidence γ to maximise data quality.

For φ and θ, it is assumed that the laser and spectrometer
will be mounted behind the pan and tilt mount of the LIBS
diagnostic meaning that the pan axis should be restricted to
±0.5π to avoid occlusion. Occlusion of the robot chassis in
the tilt axis restricts movement when targeting low z height
targets, there is the possibility that to maximise payload ca-
pacity a shelf would be installed above the LIBS instrument
which would occlude targets at high z height, however, this
only requires consideration for a physical implementation.
In place of constraints due to physical occlusion a value of
±0.25π rad is used.

From a data quality perspective and occlusion perspective

both φ and θ can be expressed as Super-Gaussian functions to
approximate a uniform function whilst remaining continuous,
and are centred around angles which represent the diagnostic
directed in the forward direction of the robot. It is preferable
for the diagnostic to be orientated in the robot forward
position, this is commonly where other sensors such as
obstacle avoidance and mapping LiDAR may be placed, as
well as cameras for operator vision and sensors monitoring
radiological contamination. Obstacle avoidance and avoid-
ance of contamination is a clear benefit when traversing
unstructured environments, whereas visual information about
the plasma emission as seen through an RGB camera can be
beneficial to a trained operator. The use of a higher-order
Gaussian function still biases values around the mean (at
robot forward), whereas a uniform distribution does not. A
Super-Gaussian increases the power inside the exponent of a
traditional Gaussian by a factor p, exp(−0.5((x−µ)/σ)2p).
Figure 3 shows pan φ is limited to a FWHM ±0.5π and
tilt θ is limited to FWHM ±0.9, with both using a factor
p = 3. Note that the FWHM is modified for a higher-order
Gaussian where FWHM = 2 2p

√
2 ln 2.
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Fig. 3. Distribution of acceptable orientations of the diagnostic in Pan φ
and Tilt θ axis.

PD = gD(µD, σD, D) (5)

Pγ = gγ(µγ , σγ , γ) (6)

Pφ = gφ(µφ, σφ, φ) (7)

Pθ = gθ(µθ, σθ, θ) (8)

Once all the factors are computed, the probability density
is evaluated for each ((5)-(8) and the joint probability density
computed by taking the product over all factors. The overall
cost associated with these can instead be computed in log
space to find overall probability density for a particular robot
pose. By computing in log space, this reduces the arithmetic
complexity as the product becomes a sum but also prevents
numerical instabilities. Over all factors i i.e. D γ φ θ, the
overall cost J is given in (9).

J =
∑
i

log(Pi) (9)



To demonstrate how the cost function determines the
optimum robot pose, the diagnostic is given an optimum
focal length of 2 m, mounted at the origin of the robot with
a given vertical offset z. The target is placed at (0, 0, z) with
normal vector [0,−1, 0] in global space. Using a height z to
match the diagnostic means net distance can be viewed in
the x y plane more intuitively. The colour values represent
probability density, with red being best and blue being worst
across the x y space. To aid in visual representation of
optimum robot pose, J has been marginalised over ψ, i.e. it
is the optimum pose integrated over all possible yaw angles
for each x y pair for this simple case.

Fig. 4. Optimum positions around target centred at (0, 0) for only Distance
as a constraint. The white dashed line indicates D = 2 m.

Fig. 5. Optimum positions around target centred at (0, 0) for only Angle
of Incidence as a constraint. The white dashed line indicates γ = 0 rad.

In Figure 4, the constraint of distance unsurprisingly yields
a radius of 2 m around the target for robot pose. Figure
5 shows angle of incidence prefers a cone centred around
the target normal for possible robot poses. When the joint
distribution for both D and γ is taken, optimum robot pose
space becomes far more constrained to locations normal to
the target, but still at a distance of 2 m. This is demonstrated
in Figure 6.

Currently, full maps have been produced to demonstrate
how the probability space changes under different parameters
for a given target, however, though the computation of the
cost function is rapid it is still inefficient to compute over

Fig. 6. Optimum placement to sample a target centred at (0, 0) to maximise
data quality for Distance D and Angle of Incidence γ.

all three dimensions of x y ψ in high resolution and find the
global optimum. Instead, an global optimiser can be used to
traverse the probability space and find the optimum values
for the robot pose as expressed with constraints in (10).

arg max
x,y,ψ

(J(x, y, ψ)) (10)

subject to: −1.5D ≤ x ≤ 1.5D,
−1.5D ≤ y ≤ 1.5D,

0 ≤ ψ ≤ 2π.

Robot yaw is simply defined as 0 − 2π, whereas the
constraints for minimum and maximum values in x and y
must be chosen based on the size of the available occupancy
grid, but also the reasonable distances that the diagnostic can
cover. For a focal distance of 2 m the maximum possible
distance away from a target will never be greater than 2 m.
Assuming σD � D, to allow for solutions which are beyond
the best focal distance an additional factor of 50% is included
to give limits of ±1.5D. Optimisation was tested for simple
scenarios where a solution is known such as the one shown
in Figure 6, and reported expected values. The optimiser
computed the result in less than 1 second, many orders of
magnitude faster than brute force. This speed is beneficial in
a deployed system where operational runtime is critical.

In Figure 4 there are values in front and behind the target
which are optimal, however, the target is on a surface with
the robot being physically incapable of sampling from some
orientations, e.g. inside the surface.

Common implementations of SLAM and path planning
utilise a 2D occupancy map to designate regions of space
that contain obstacles [15]. If these maps are available, they
can be used to check if a robot pose is permissible.

This obstacle map is used to disregard robot poses that fall
within an obstacle on the occupancy grid. The map is taken
in x y configuration space, with an inscribed safety zone the
same width as the robot radius around all obstacles, firstly
to robustly avoid obstacles in hazardous environments and
secondly to make integration into path planning algorithms
more convenient.



Obstacles not only prohibit where the robot can be located,
but may occlude the target if it is between the diagnostic
and the target. Using a 2D gridded occupancy map (this
methodology can be scaled to 3D), a line drawing algorithm
predicts the view path the diagnostic will encounter in a
given pose.

To ensure this occlusion check is robust, the Supercover
algorithm [16] is used rather than a more traditional Bresen-
ham type algorithm [17] as the latter can miss some grid
cells which are only partially intersected. The use of the Su-
percover algorithm ensures every grid cell on the occupancy
map that is intersected by the diagnostic is accounted for, as
even partial occlusion will impact data quality.

Optimisation now must consider if the view path intersects
with a region of the map that is designated an obstacle, then
that robot pose should be disregarded. View paths that only
intersect with the inscribed safety margin around obstacles or
free space are unmodified, and the cost function is evaluated
as normal.

Figure 7 shows a map in configuration space, where
obstacles or unknown space are highlighted in red, and the
inscribed safety margin in orange is equal to the radius of
the robot. Any space in which the robot is free to move is
given by light blue. Areas that would lead to occlusion of
the target are represented with hashing.

To account for if a pose is legal or not the penalty function
method is used [18]. If an x y ψ pose falls in a forbidden or
occluded location, then the joint distribution is penalised by
a large negative value (in log space) which is unfavourable
compared to the rest of the space (if Occluded J = −1 ×
106, else J = J(x, y, ψ)). This keeps the probability space
continuous, however, it does introduce large gradients.

Fig. 7. 2D obstacle map.

As steep gradients may exist in the probability space due
to the heavy penalisation for obstacles, occlusion, and radia-
tion/contamination in log probability space, the Differential
Evolution (DE) optimiser method was used as it is indifferent
to gradients [19], however, there are many alternatives for
local and global optimisation available.

The optimum poses found in Figure 6, are recomputed
with the new information from the occlusion and obstacle
map. This leads to a section of previously acceptable loca-

tions to be excluded.
This use of an approximately binary, go/no-go cost for

obstacles and occlusion is not suitable for threats such as
radiation or contamination. No occlusion results from the
presence of these threats, but the robot should still not enter
these areas. For contamination, these locations can be treated
similarly to a physical obstacle with some modification.

Radiation can be decoupled into two factors, the first is
an unacceptable dose location where it would be treated
the same as a physical obstacle i.e. forbidden, the second
is the 1/r2 dependence of the radiation dose away from a
point source. It is preferable for the robot to avoid radiation
exposure, however, low dose rates may be acceptable if there
is a pay off in terms of data quality. A second occupancy
map can be generated a priori which has contamination and
high radiation locations treated as obstacles with an inscribed
safety distance, but the map then has a decay as a function
of distance from the source. For this study, an exponential
decay is used instead of 1/r2 as it is more simple to compute
the joint distribution but more importantly it is much easier
to tune the rate of decay around the target. This exponential
weighting for radiation sources can be empirically defined by
an operator to suit how cautious they wish to be compared
to a more rigid 1/r2 relationship.

Fig. 8. Map containing a region of undesirable radiation dose, which
decays as a function of distance away from a point source.

Figure 8 shows a region of unacceptable radiation dose
from a point source at (-2, -2), surrounded by an exponen-
tial decay representing the increased cost associated with
a robot pose approaching the radiation source. Figure 9
shows optimisation for the ψ = 0 case when combining
obstacle occupancy, radiation/contamination occupancy and
data quality for a target located at (0,0). It can be observed
that due to the presence of radiation, preferred robot poses
are skewed to the +x direction, and where obstacles are
present or cause occlusion these are undesirable locations
and accordingly the weighting is low compared to Figure 6.

Finally, the diagnostic was placed at the top right corner
of the robot (0.15, 0.15) as shown in Figure 1, and the height
of the target placed 1.5 m above the diagnostic mount and
moved in the −x direction closer to the influence of the
radiation, t = [−1, 0, z+1.5]. The extra height of the target



Fig. 9. Distribution of optimum sensor placement with occluding and
non-occluding obstacles such as radiation.

Fig. 10. Estimated best pose for a target placed at (-1, 0, 1.5) with an off
centre diagnostic position on robot. The black square represents the robot
and the grey arrow represents the LIBS diagnostic.

impacts the angle of incidence to the target, and replicates
the scenario shown in Figure 1. Figure 10 shows the robot
position and orientation as found by the optimiser as a black
box superimposed on the probability map in x y associated
with the optimum yaw angle. The diagnostic location and
pointing vector to the target is in grey.

Though it would be beneficial for the robot to be placed
further in the −x direction to reduce the angle of incidence,
the influence of the radiation source leads to the best robot
pose to be at roughly 2 m distance but at a more extreme
angle.

IV. CONCLUSIONS

This sensor data quality based probabilistic approach to
find robot poses for fixed-focus laser diagnostics is capable
of determining optimum robot poses in x y ψ for environ-
ments that include obstacles, occlusion and hazards such as
radiation or chemical contamination. The use of continuous
probability distributions for the various data quality factors
allows for rapid estimation of poses through the use of a
global optimiser. Using occupancy maps to for obstacles it is
possible to disregard poses which would lead to a robot colli-
sion. Using a secondary or amalgamated occupancy map for
radiation/contamination, it was possible to preference poses

that are further from these sources, and therefore increase
the operational time of the robot. Finally, it was shown that
for a fixed-focus laser diagnostic mounted on a pan and tilt
stage arbitrarily on a holonomic robot, an optimum position
could be found for an arbitrary target located in 3D, in an
environment with both occluding obstacles and radiation.
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