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Abstract—The unscented Kalman filter (UKF) is a method
to solve nonlinear dynamic filtering problems, which internally
uses the unscented transform (UT). The behavior of the UT is
controlled by design parameters, seldom changed from the values
suggested in early UT/UKF publications. Despite the knowledge
that the UKF can perform poorly when the parameters are
improperly chosen, there exist no wide spread intuitive guidelines
for how to tune them. With an application relevant example,
this paper shows that standard parameter values can be far
from optimal. By analyzing how each parameter affects the
resulting UT estimate, guidelines for how the parameter values
should be chosen are developed. The guidelines are verified both
in simulations and on real data collected in an underground
mine. A strategy to automatically tune the parameters in a state
estimation setting is presented, resulting in parameter values in
line with developed guidelines.

Index Terms—unscented Kalman filter, UKF, parameter tun-
ing, auto tuning, unscented transform

I. INTRODUCTION

Since its introduction in the 1990’s, the unscented Kalman
filter (UKF) [1–7] has been a popular alternative to the
extended Kalman filter (EKF) for solving nonlinear dynamic
filtering problems. Whereas the EKF approximates nonlinear
transformations of stochastic variables by linearization, the
UKF instead uses the unscented transform (UT) for this
purpose. The behavior of the UT can be tuned by design
parameters, however there exists no established procedure
or guidelines for how to choose the parameter values. The
parameter values are often either left unchanged from the
values suggested in the early publications on UT/UKF [8],
or chosen ad hoc [9–14]. With a bad parameter choice the
UKF can have embarrassingly poor performance [15, 16].
Attempts have been made to perform data driven automatic
tuning of the parameters [11, 15, 17–20], but without providing
an understanding of why a parameter setup is particularly good
or bad for a certain problem.

The UT consists of constructing a set of sigma points (SP)
representing the mean and covariance of a stochastic variable.
Each of the SPs are then mapped through a nonlinear function
and the result is weighted together to an estimate of the
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posterior mean and covariance. The design parameters deter-
mine how to select SPs and how the transformed points are
combined. A commonly used formulation of design parameters
is given in [8], where the parameters α, β, and κ, introduced
in [21] and [3], are used in combination.

This paper provides an overview of the history of each of
the design parameters as well as a thorough discussion about
the effect they have on the UT. Limitations, assumptions and
heuristics leading to suggested parameter values in the litera-
ture are examined, and some general guidelines for how to tune
the parameters are given assuming knowledge of the nonlinear
function to approximate. In particular, a function consisting
of a global trend with added local variations is considered.
The simplicity and knowledge of the exact function makes it
possible to argue about the significance of the UT parameters,
while the characteristics of the function makes it representative
for functions found in real life applications.

The problem of finding good parameter values is also
formulated as an optimization problem based on maximum
likelihoods. Off-the-shelf optimization algorithms are then
used to obtain good parameter values. The obtained optimal
values are shown to be in line with the suggested guidelines.

This paper starts by explaining the UT method in Sec. II,
with focus on how the SP set is selected and what effect the
design parameters have on it. In Sec. III guidelines for how
parameter values can be chosen are developed, followed by
the optimization based tuning method presented in Sec. IV.
Sec. V contains verifying experiments with both a simpler
simulated example and with real data. The data is recorded
with a lidar-equipped vehicle located in an underground mine
environment. Finally, concluding remarks are given in Sec. VI.

II. UNSCENTED TRANSFORMATION

Given a stochastic variable x with mean µx and covariance
Px, the UT is a method to approximate the mean µz and
covariance Pz of z = g(x). To achieve this a set of SPs
consisting of p points x(i), with associated weights ω(i), are
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selected that represent the prior distribution as,

µx =

p−1∑
i=0

ω(i)x(i) (1a)

Px =

p−1∑
i=0

ω(i)(x(i) − µx)(x(i) − µx)T . (1b)

The weights must sum to one but are allowed to be positive
or negative, although negative values may lead to numerical
problems. Each SP is then propagated through the nonlinear
function z(i) = g(x(i)), and weighted together to obtain an
estimate of µz and Pz .

The UT can be interpreted from the perspective of other
computational frameworks and taking these viewpoints allow
for useful insights.
• In [22] the UT is derived as a special case of statistical

linear regression.
• Assuming a Gaussian prior, there are similar analogies

to the Gaussian Quadrature technique, a technique to
numerically evaluate integrals [23].

• By replacing the analytic derivatives in a Taylor ex-
pansion with divided differences, it is in [6] shown
how a second order divided difference method fits the
framework of a standard symmetric SP-set. A set of
SPs approaching µx in the limit, will give a UT that
approaches the derivative. Therefore, the UT can be seen
as a method based on numerical derivatives.

A. The UT Parameters

The most common strategy to obtain the SP-set is to
make a symmetric selection around the mean µx [3, 8]. To
correctly reproduce the covariance of x with a symmetric set,
at least 2nx SPs are needed, where nx = dim(x). There exist
strategies for selecting non-symmetric sets of sigma points
requiring less points, for example the simplex set proposed in
[24]; however, in applications where Gaussian distributions are
assumed the symmetric set of sigma points has the favorable
property of all higher order odd moments correctly being zero.

A commonly used parameterization of a symmetric SP-set
is given in [8], where the parameters α, β, and κ, introduced
in [25] and [3], are used in combination. The SPs are then
given by

x(0) = µx, x(±i) = µx ±
[√

(nx + λ)Sx

]
i
, (2a)

ω(0) =
λ

nx + λ
, ω(±i) =

1

2(nx + λ)
, (2b)

where i = 1, . . . , nx and [·]i denotes the ith column vector, λ
is parameterized as

λ = α2(nx + κ)− nx, (3)

and Sx is a decomposition of the covariance matrix such that
SxS

>
x = Px. The choice of decomposition method could be

viewed as an additional design parameter, see [26] for details
on how this choice affects the rotation of the SP-set. In this
paper the decomposition is implemented using the numerically
efficient Cholesky factorization as suggested in [27].

The posterior mean and covariance are estimated by

µz ≈
nx∑

i=−nx

ω(i)z(i) (4a)

Pz ≈
nx∑

i=−nx

ω(i)(z(i) − µz)(z(i) − µz)T

+ (1− α2 + β)(z(0) − µz)(z(0) − µz)T .

(4b)

The parameters α and κ are scaling parameters determining
the spread of the SPs, and β is introduced to minimize the
error in the covariance estimate.

The original formulation of the UT [3] only includes one
tuning parameter, κ, which is equivalent to setting α = 1 and
β = 0 in the equations above. Using κ > 0 spreads the SPs
further away from µx and κ < 0 moves them closer together.
The SPs are designed to capture the first two moments of the
distribution of x. With the symmetric SP-set, the third moment
(skew) is always zero due to the symmetry, and a general
perfect representation of the fourth order moment (kurtosis) is
not possible without extending the set with more points [5].
Scaling the SPs however, alters the kurtosis and for a Gaussian
prior the kurtosis of the prior distribution can be captured by
setting nx + κ = 3, see [3] for details.

All SP solutions share the property that as nx increases,
the spread of the points increases to capture the covariance
correctly (i.e., the radius of a circle that bounds all the
SPs increases). When the SPs are spread more they will
capture more non-local effects, which in many situations is
an unwanted effect. Hence, a way to move the points closer
to the mean is needed. However, κ < 0 can give a non-positive
semi-definite posterior covariance estimate and therefore α is
introduced in [21] as a numerically stable scaling parameter.
The parameter α ∈ (0, 1] can be made arbitrarily small and
α = 1 means no scaling. Thus, α cannot be used to spread
the points, only gather them closer to the mean. The incentive
not to sample non-local effects is further stressed in [8, 23]
where the small value α = 10−3 in combination with κ = 0
is suggested to decrease the spread of the SPs.

With the parameter α introduced, the SPs capture the
kurtosis of the prior if nx + λ = 3 with λ defined in (3). For
a small α this condition can be fulfilled by adjusting κ > 0.
However, as seen in (2a) the spread of the SPs is completely
determined by λ, and κ > 0 will cancel the scaling effect
of the small α. This redundancy between α and κ should be
handled as follows:
• If a decrease in the spread of the SPs is desired, use κ = 0

and α < 1.
• If an increase in the spread of the SPs is desired, use
κ > 0 and α = 1.

Note, for Gaussian priors, there is a contradiction in shrinking
the spread of the SPs to minimize non-local effects, and
matching the kurtosis of the prior distribution. This trade-off
has to be determined for each specific application and the
parameters tuned accordingly.

The errors in the higher order moments in the prior affect the
errors in the posterior estimate of µz and Pz . In the appendix
of [5] this is analyzed using Taylor expansions. If the moments
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TABLE I
DIFFERENT STANDARD PARAMETER SETUPS FOR THE UT.

α β κ
UT1 [3] 1 0 3− nx

UT2 [8] 10−3 2 0
CT [28] 1 0 0

of the prior are known up to the 2mth order term, µx can be
correctly calculated to the 2mth order term and Pz to the
mth order term. The parameter β is introduced in [21] to
partially minimize the higher order errors in the covariance
estimate. It is argued that β = 2 will cancel one of the second
order error terms, under the assumption of a scalar, Gaussian
prior distribution. The scalar assumption should indeed be
emphasized here, since it is not explicitly stated in [21]
and β is seldom changed even for non-scalar transformations
[9, 10, 12–14]. However, even for scalar priors β = 2 is not
guaranteed to be optimal. Without knowledge of the nonlinear
function g(x), the canceled term is not guaranteed to be the
dominant source of error. The parameter β should therefore
be tuned not only based on the prior distribution, but also by
taking the specific nonlinear function into consideration.

Table I summarizes the different parameter setups suggested
by [3] and [8], and also including the cubature transform (CT)
used in the cubature Kalman filter (CKF) [28]. Even though
the CT is derived from different principles than the UT, it still
fits the framework with this particular parameter setup.

III. DESIGN PARAMETER GUIDELINES

In this section it is demonstrated how sensitive the UT is to
changes in values of the design parameters α, β and κ. Using
an example of a nonlinear function representative for real life
applications, guidelines for how to choose parameter values
are suggested.

A. Measurement function example

Consider the scalar nonlinear transformation

g(x) = 0.1x3 + 0.4 sin(ax), (5)

where a is a scalar constant. An instance of the function
with a = 4π is illustrated by the black curve in Fig. 1. The
function consists of a global trend, a 3rd order polynomial,
added to a local sine-shaped variation. This combination of a
global trend and small scale local variations can be found in
measurement functions in real life applications. An example
is range measurements to a non-smooth surface where micro
variations affect the measurement. This is the situation that
occurs when using lidar sensors in an underground mine
described in detail in Sec. V-B.

The UT is applied with the standard parameter setups for
three different priors on the transformation given by (5). The
approximated posteriors are presented in Table II, where also a
Monte Carlo transformation (MCT) [29] is included for vali-
dation purposes. The different values of the design parameters
gives very different results when the prior uncertainty is large.
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Fig. 1. The black line shows the nonlinear transformation given by (5).
A third order polynomial combined with a rapidly changing sine-curve,
providing misleading gradient information. The angular frequency is set
to a = 4π and the blue crosses and lines visualizes 100 realizations of
x ∼ N (−2.2, 0.0025) and x ∼ N (2.2, 0.25) respectively, with associated
realizations of measurements y. The measurements are realized with additive
white Gaussian noise with variance σ2

R = 0.01.

TABLE II
APPROXIMATION OF MEAN µz , AND VARIANCE Pz , OF z = g(x) FOR
THREE DIFFERENT DISTRIBUTIONS OF x. THE ANGULAR FREQUENCY
a = 4π AND THE NUMBER OF MONTE CARLO RUNS ARE 100 000.

x ∼ N (0, 0.25) N (2.2, 0.25) N (−2.2, 0.0025)
Method µz Pz µz Pz µz Pz

UT1 0 0.04 1.38 0.91 −1.26 0.012
UT2 0 6.3 −3.2 41.8 −1.26 0.021
CT 0 0.0002 1.46 0.54 −1.26 0.014
MCT 0.0003 0.08 1.23 0.71 −1.26 0.012

Consider the interpretation of the UT as a computation of
a numerical derivative. The parameters α, β, and κ determine
how this derivative is computed. The transformation given
by (5) has distinct derivatives not agreeing with the global
development of the function. With Px large, such a situation
could benefit from averaging the derivative by computing it
based on a larger difference, capturing the area of uncertainty.
This explains why the UT2 parameter setup where α is small
(and hence also the spread of the SPs), gives poor results in
Table II for the larger prior uncertainty.

B. Guidelines

To develop guidelines for how to choose the design param-
eters, the scalar case is considered. The scalar case allows
for direct interpretation of the parameter values, which fa-
cilitates the understanding of the problem. Extension to the
multi-dimensional case is not completely straightforward, and
shortly touched upon at the end.

For the analysis, consider the scalar function (5), the
function has local variations with a constant frequency of
f = a/2π. The frequency has a corresponding period, or
wavelength as a function of x, W = 1/f . If W is large in
relation to the prior uncertainty, Px = σ2, i.e., the fraction
W/σ is large, the information in the local variations is useful
for the estimation. This is the case for the prior distribution
with mean at x = −2.2 in Fig.1. If instead W/σ is small, as
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Fig. 2. µz and Pz for β = 0, µx = 2.2, Px = 0.25 and W = 0.5. The
dotted horizontal lines show the result from a MCT with 100 000 realizations.

for the distribution with mean at x = 2.2, measurements may
capture another valley/hill than expected in the local variations,
resulting in false information. By using the interpretation
of the UT as a numerical computation of derivatives, it is
reasonable in such cases to require the SPs to at least capture
a wavelength of the local variations to smooth them out and
instead capture the global behavior of the function. That is,
requiring |x(±1) − x(0)| ≥ W , and by inserting (2) this gives
a condition for the tuning parameters

α
√
1 + κ ≥ W

σ
. (6)

Numerical examples are given in Fig. 2, where the values on
the x-axis are obtained as

κ = 0, α ∈ (0, 1] when α
√
1 + κ ≤ 1

κ ∈ [0, 10], α = 1 when α
√
1 + κ > 1

according to the recommendations in Sec. II-A. Note the cyclic
behavior in both µz and Pz for α

√
1 + κ ≥ W

σ . The period
of the behavior is approximately W/σ = 1.

The parameter β primarily affects the covariance estimates
using a small spread of the SPs, see Fig. 3. For a larger spread,
β has a low impact on the estimate. This indicates that β is not
a crucial parameter when tuning for local variation smoothing.

If the ratio W/σ is large, the state estimate can instead
benefit from trying to capture local fluctuations to increase
precision. Fig. 4 shows that when W/σ & 5.0 the trans-
formation approximation cannot be significantly improved by
spreading the SPs. For the small prior uncertainty, resulting in
W/σ = 50, the approximation coincides with the MCT and is
almost unaffected by scaling. The covariance approximations
show similar behavior as the mean approximation in Fig. 4.

These guidelines are derived for scalar functions. In the
multivariate case, there may be different W and σ for the
different components. Ideally the parameter values should
be different in each direction, but that requires non-trivial
modifications to the UT. Instead suitable parameter values
have to compromise between the optimal values for each
component.

0 0.5 1 1.5 2 2.5 3

10
-4

10
-2

10
0

10
2

Fig. 3. Pz for different values of β. The prior mean and variance are given
by µx = 2.2, Px = 0.25 and the wavelength is constant W = 0.5. Small
β gives lower values of Pz for small α

√
1 + κ. The dotted horizontal line

shows the result from a MCT with 100 000 realizations.

0 0.2 0.4 0.6 0.8 1
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W/  = 1.67
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Fig. 4. µz as a function of α (κ = 0) for different values of the fraction
W/σ. The prior mean is µx = 2.2, the wavelength is W = 0.5 and the
fraction is varied by using different values of σ. The dotted horizontal line
show the result from MCT, coinciding with the red line (W/σ = 50.0)

IV. AUTO-TUNING

To verify the guidelines developed in Sec. III, and also
to further emphasize the importance of choosing parameter
values tailored to a specific problem, this section presents the
tuning problem in a state estimation application as an opti-
mization problem. Likelihood objectives have previously been
used in similar formulations with good results [15, 17, 18, 20].
This is suitable since it considers both mean and covariance
of the estimate, unlike, e.g., the mean square error, that totally
ignores the quality of the covariance estimate. It is possible to
normalize the mean square error with the covariance estimate,
as suggested in [17]. However, this leads to the unwanted
effect that the cost function can be minimized by increasing the
magnitude of the covariance estimate only. For this application
it is of equal importance to produce good estimates of the
covariance as of the state vector, for the UKF to be consistent.
Therefore, likelihood objectives are used for optimization.

Let x denote the state vector with mean µx and covariance
Px. The posterior state estimate after a UKF update is denoted
x̂ with the corresponding mean and covariance, µx̂ and Px̂, re-
spectively. Assuming Gaussian distribution the log-likelihood
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is,

h1(x, θ) = −
1

2
[nx log(2π) + log(detPx̂)

+(µx̂ − µx)P−1x̂ (µx̂ − µx)>
]

(8a)

where θ = [ α β κ ]T and µx is the true state. In a simulated
experiment it is possible to create data where a ground truth
µx is available. However, in a real life situation, a true ground
truth is never available. In certain scenarios measurements
from high-precision external systems such as GPS or similar,
may act as a ground truth. However, when no such system is
available, a cost function using only measurement data, y, is
an alternative,

h2(y, θ) = −
1

2
[ny log(2π) + log(detPŷ)

+(µŷ − y)P−1ŷ (µŷ − y)>
]
. (8b)

where µŷ is the expected measurement given x̂, Pŷ is the
measurement covariance and ny = dim(y). The parameter
design can then be formulated as an optimization problem

argmin
θ

Mx∑
j=1

−h1(xj , θ) (9a)

or

argmin
θ

My∑
j=1

−h2(yj , θ), (9b)

where xj , j = 1, . . . ,Mx, and yj , j = 1, . . . ,My are sets of
states and measurements, respectively, assumed independent
and identically distributed.

V. GUIDELINES VERIFICATION

In this section simulations are performed showing how
the optimization problem in (9a) and (9b), using off-the-
shelf optimization algorithms, gives parameter values in line
with the guidelines in Sec. III. First the simplified scalar
measurement function (5) is considered, and then the same
technique is applied to real data recorded in an underground
mine environment.

A. Simplified Example Simulations

Suppose (5) together with additive noise defines the mea-
surement function for a scalar Gaussian state variable x,

y = 0.1x3 + 0.4 sin(ax) + v, (10)

where v ∼ N (0, σ2
R) is assumed. To determine the effect

of the parameters, a UKF measurement update is performed
to correct the state estimate. The results for the standard
parameter setups given in Table I are presented in Fig. 5,
together with the result of a standard extended Kalman filter
(EKF). These results are in line with the observation that when
W/σ is small, the estimate benefits from spreading the SPs.
Using UT1 and CT, where the spread of the SPs are greater,
results in a smaller variance after the correction.

Two different off-the-shelf optimization techniques are ap-
plied; particle swarm optimization (PSO) [30] and surrogate

(a) µx = 2.2 and prior uncertainty Px = 0.25, leading to W/σ = 1

(b) µx = −2.2 and prior uncertainty Px = 0.0025, leading to W/σ = 10

Fig. 5. Estimation of x by performing one measurement update with EKF
and UKF with different parameter values. 100 000 realizations of x has been
used. xinit is the realizations of the prior distribution. 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 outliers, and outliers are marked individually with a dot.

TABLE III
MEAN OF THE NEES OF THE 100 000 REALIZATIONS PRESENTED IN

FIG.5. SINCE nx = 1, A NEES VALUE > 1 INDICATES AN OPTIMISTIC
ESTIMATE AND < 1 INDICATES A CONSERVATIVE ESTIMATE.
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optimization (surr-opt) with radial basis functions as surro-
gates [31, 32]. PSO and surr-opt are global optimization
techniques, and for PSO the outcome is also further improved
by the local optimization method pattern search [33, 34].
The algorithms are run with standard settings as given by
the Global Optimization Toolbox in Matlab. To
handle the redundancy in α and κ, the optimization is first
performed with κ = 0 allowing α and β to be tuned. If α is
close to one, the optimization is re-run with α = 1 allowing κ
and β to be optimized. By only considering two parameters at
a time, the complexity of each of the optimization problems
is reduced, and also, this is a simple way to ensure that the
obtained values of α and κ are not effectively canceling out
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TABLE IV
PARAMETERS FROM AUTO-TUNING.

x ∼ N (2.2, 0.25) x ∼ N (−2.2, 0.0025)
α β κ α β κ

PSO (h1) 1.0 2.61 2.18 0.55 5.0 0.0
surr-opt (h1) 1.0 1.02 2.24 0.93 3.92 0.0
PSO (h2) 1.0 0.0 1.87 0.29 0.10 0.0
surr-opt (h2) 1.0 0.006 2.09 0.95 0.05 0.0
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Fig. 6. The spread in the SP-set obtained by the optimized parameter depends
on the fraction W/σ. When W/σ . 5, parameter α is saturated at α = 1.
The optimization is done using h1.

each other in the construction of the SP set.
The results are presented in Fig. 5 and Table III, and the

obtained parameters are presented in Table IV. There is no
apparent difference in the posterior error when h1 or h2
are used as cost function. The posterior is more accurately
estimated with a larger spread in the SPs since the local
variations giving false information is then smoothed out. A
larger spread in the SPs also gives more consistent results
as seen in Table III, where the normalized estimated error
squared (NEES) [35] is presented for the different parameter
setups. NEES is defined as e>x P

−1
x ex, with ex = µx̂ − µx

being the estimation error, and measures the consistency of an
estimate. The NEES should optimally be equal to nx. When
W/σ is larger, as in Fig. 5b, the differences in the results
between different parameter setups are much smaller, and the
EKF performs in parity with the UKF.

The tuned parameter values in Table IV are not close to
any of the standard values in Table I and they also vary with
the prior covariance. This shows, as expected, that the local
properties of the measurement equation in combination with
the prior uncertainty affect the optimal parameter setup.

Fig. 6 shows how the spread in the SP-set obtained by
optimization changes when the ratio W/σ vary. For W/σ . 5,
α is saturated at α = 1 which confirms the results in Fig. 4.

The heuristic that β = 2 is optimal for a Gaussian distribu-
tion is widely spread in the literature. However, considering the
values in Table IV, nothing points towards a general optimum
at β = 2. For the particular function studied here, it is hard
to see any clear trend at all for the value of β, which further
emphasizes the importance of tuning the parameters for the

Fig. 7. An Epiroc Scooptram14 underground loader. This is a mid-articulated
vehicle designed to move 14 tonnes in the bucket. (Asset: Epiroc)

specific problem at hand, and adapt to local properties.

B. Real Data Experiment

This section evaluates how the design parameter guidelines
and auto-tuning of the parameters perform in a real life
application. Data has been recorded with an underground
loader (see Fig. 7) in Epiroc’s underground test mine, located
outside of Örebro, Sweden. The loader is equipped with
an odometer, articulation angle sensor and two lidars, each
having a 180◦ field-of-view and mounted facing forward and
backward, respectively. Fig. 8 depicts a map of the test area.

The loader is localized in the given map by a UKF where
odometer and articulation angle data is used as input to the
time-update and lidar data are used as measurements. The state
vector considered is x = [ x y θ ]

> consisting of the Cartesian
x, y-coordinates together with the heading of the vehicle. The
time update is performed with the motion model,xk+1

yk+1

θk+1

 =

xkyk
θk

+ T

vk cos θkvk sin θk
wk

+ ek (11)

where v and w are linear and angular velocities respectively, T
is the sampling rate and k indicates the time step. The process
noise, ek, is assumed additive and ek ∼ N (0, Q).

The measurement equation is, for each ray, defined as the
distance from the lidar to the point on the wall that the
particular laser ray hits. This can be written as,

yj = ‖pj −mj‖+ uj j = 1, . . . , ny (12)

where pj is the sensor position from where laser ray j is
transmitted, mj is the point on the wall that the ray hits
determined by ray-casting from the sensor to the walls in the
map, and ny is the number of laser rays in a complete scan.
The measurement noise, uj ∼ N (0, R) is assumed additive
and independent and identically distributed.

In the recorded data ny = 362, with range measurements
evenly distributed with the resolution 1◦ and with 181 mea-
surements per lidar. Data is recorded when standing still in
the positions marked in Fig. 8, to be used for tuning of the
parameters. The aim is to find a parameter setup suitable for
this particular area of operation, and the tuning is performed
off-line as a pre-processing step. There is no ground truth
data available for the positions, however, standing still enables
correction of the position estimate by performing consecutive
measurement updates. This state estimate can then be used to
compute ŷ by ray-casting, needed to perform auto-tuning with
(8b).

To evaluate the tuned parameters, data is recorded while
the loader is moving. The vehicle drives one lap in the
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Fig. 8. A map of Epiroc’s underground test area. The yellow shadowed
vehicles marks the positions where sensor data is recorded while standing
still, and the black circle approximately marks the starting and stopping point
when the loader was driving a full lap. The different colored trajectories
are the position estimates obtained from a UKF tuned with different design
parameters α, β, and κ.

Fig. 9. Zoomed-in version of Fig. 8. The trajectory estimated with ad hoc
parameter setup fails to perform the full lap while with auto-tuned parameters,
the estimated trajectory follows the true traveling path all the way to the end.

area, starting in the position marked with a black circle in
Fig. 8, moving downwards in the map, and then returning to
approximately the same position.

By inspecting a zoomed-in version of the map of the area
in Fig. 9 it is seen that the walls are not smooth. Although not
as regular as a sine-wave, this causes local variations in the
measurement function not in line with the global trend. The
global trend can in this case be interpreted as the direction of
a smoothed version of the wall.

Two different priors are considered for auto-tuning, P (1)
0 =

diag(0.52, 0.52, 0.052), resulting in a small W/σ, and P (2)
0 =

diag(0.12, 0.12, 0.012), resulting in a larger W/σ. The opti-
mization is performed for each of the poses in Fig. 8, and
the result averaged over the positions is presented in Table V,
with the two optimization algorithms giving similar results.

The parameters obtained by the auto-tuning using P (1)
0 (top

two lines in Table V) are used to run the UKF with the data
collected while the vehicle was driving one lap. The process
noise covariance is set to Q = diag

(
0.002 0.002 10−6

)
and

the measurement noise covariance is R = 0.1I , where I is
the identity matrix. In Fig. 8 the estimated paths are shown

TABLE V
PARAMETER VALUES OBTAINED FROM REAL DATA. THIS IS THE AVERAGE

OVER ALL POSES.

α β κ α
√
1 + κ

P
(1)
0 (PSO) 1.0 4.2 1.3 1.52
P

(1)
0 (surr-opt) 1.0 3.1 1.6 1.61
P

(2)
0 (PSO) 0.8 1.6 0.0 0.8
P

(2)
0 (surr-opt) 0.8 2.0 0.0 0.8

for the different parameter setups. Using the standard values
according to Table I quickly results in inconsistent estimates.
Note that for this application nx = 3 and CT and UT1
therefore give equal parameter values. By inspecting Fig. 9,
it is evident that using the tuned parameter setups the UKF
is able to estimate the position during the full lap. The green
trajectory, depicts the estimates obtained from an ad hoc tuning
with α = 0.8, β = 2 and κ = 0. With these settings the UKF
almost manages to complete the lap, but at the very last turn
the vehicle is estimated to go down the wrong aisle.

The ‘wavelength’ of the walls is by inspection of the map
often in the interval [0.5; 1.5]m. According to the guideline
limit W/σ ' 5, the standard deviation of the prior in regard
to the Cartesian (x,y)-directions has the break point for when
the UT benefits from trying to smooth the walls somewhere
in the interval σ ≈ [0.1; 0.3]. The θ-direction is somewhat
more complicated since the local variation in the measurement
also depends on the range of the measurement and inclination
angle to the wall. With a typical range measure about 10 m
this will approximately correspond to σθ in the order of 10-
times smaller than σx and σy . By using (6) and σ = 0.5 as in
P

(1)
0 , local variations with W . 0.8 is smoothed by the tuned

UT. For the smaller prior uncertainty P (1)
0 where σ = 0.1, the

tuned UT instead only smooths variations with W . 0.08. The
optimized parameter setup smooths a lot of the local variations
in this environment, resulting in better state estimates when
only the global trend of the walls are considered.

An obvious extension to the auto-tuning procedure is to
perform the optimization on-line at each time update (or by
collecting measurements from a number of consecutive time
updates). Since the optimal parameter setup depends highly on
the current uncertainty in the position and on the structure of
the currently visible wall sections, this approach could result
in parameter setups customized to specific local conditions.
The problem in this case is to find good values of µŷ , since
they will be computed based on a state estimate that depends
on earlier time steps. However, further investigations of this
approach are not in the scope of this paper.

VI. CONCLUSION

The UKF, which internally uses the UT, has become an
important tool for solving nonlinear filtering problems. Proper
choice of design parameter values associated with the UT is
essential for the performance, and this paper have provided
useful insights into how to choose those values during filter
design.

Based on a literature study of the origin of the parameters,
and a simulation study, guidelines for choosing parameter
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values have been derived. A method for auto-tuning the pa-
rameters have been presented as an optimization problem with
likelihood objectives. The auto-tuning procedure validated the
developed guidelines by providing results in line with them.

The guidelines and the auto-tuning method have been illus-
trated in a simulated example where the nonlinear function
consists of a global trend with added local variations. It
has been shown how the parameter tuning can be guided
by the characteristics of the local variations. This has also
been verified in an experiment on real data, collected in an
underground mine environment, where the performance of the
filter was substantially improved by proper tuning of the design
parameters.
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