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Abstract

Localization of mobile robots is still an important topic, especially in case
of dynamically changing, complex environments such as in Urban Search &
Rescue (USAR). In this paper we aim for improving the reliability and pre-
cision of localization of our multimodal data fusion algorithm. Multimodal
data fusion requires resolving several issues such as significantly different
sampling frequencies of the individual modalities. We compare our proposed
solution with the well-proven and popular Rauch-Tung-Striebel smoother for
the Extended Kalman filter. Furthermore, we improve the precision of our
data fusion by incorporating scale estimation for the visual modality.
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1. Introduction

For successful deployment of mobile robots to complex dynamically chang-
ing environments, such as those typical for Urban Search & Rescue (USAR),
reliable localization is crucial. In modern mobile robots, a popular solution
lies in the combination of proprioceptive sensors, usually in form of an inte-
grated Inertial Navigation System (INS), that captures the body dynamics
at high rate, and an external source of aiding, using either vision [1] or range
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Figure 1: TRADR? robotic platform at the USAR training site of the fire brigade of Dort-
mund, Germany. Robot sensor suite is highly configurable, includes Point Grey Ladybug3
omni-directional camera and SICK LMS-151 laser range-finder, can be extended further
by various cameras (left) or a robotic arm (right).

measurements [2]. Since most of the solutions are based on the well-proven
Extended Kalman filter (EKF) [1, 2|, the state estimation architecture we
designed for our platform (see Figure 1) is based on the error state EKF
framework as well.

As we have shown in [3] (results of this work are summarized in sec-
tions 3.1 and 3.2), performing data fusion of various modalities—such as in
our case the inertial data, track odometry, visual odometry, and laser-based
mapping—provides satisfactory results even when exposed to harsh environ-
mental conditions, which can cause some of the modalities to fail. There
is a number of well known problems connected with each named modality.
First, the track odometry is strongly susceptible to high slippage, especially
in skid-steer robots such as ours [4]. Second, it is the drift of the inertial
sensors caused primarily by integrating the sensor noise, misalignment and
instrumental errors. Third, the sensitivity to illumination and lack of scene
texture influences the visual odometry performance [5]. And fourth, the
laser-based mapping is sensitive to dynamic changes and to the overall geo-
metric structure of the environment [6, 7]. We addressed all these issues in [3]
and introduced a failure-case methodology for evaluation of our multimodal
data fusion. In this methodology we invoke challenging conditions that cause
different modalities to fail on purpose and hence allow us to properly evaluate

2TRADR: Long-Term Human-Robot Teaming for Robot-Assisted Disaster Response
www.tradr-project.eu



the robustness of localization.

However, our currently published results [3] raised a question that mo-
tivated us into a more in-depth research of the critical issue of significantly
different sampling frequencies of individual modalities. This is in general rel-
evant to all multimodal data fusion algorithms, regardless a platform type.
In this paper we therefore present our most recent results and compare them
to the popular and commonly used standard smoother for Kalman filters.
We have chosen the Rauch-Tung-Striebel smoother (RTS) [8] for the EKF
as a representative of the Kalman smoothers family. By its definition, RT'S
best fits our data fusion scenario since it allows to recompute past position
estimates based on information introduced by low-rate position increment
measurements. We therefore exploited the RTS as benchmark for our multi-
modal data fusion architecture. For this purpose, we exploit our multimodal
dataset® [3], which includes precise ground truth for both position and ori-
entation obtained using a Vicon tracking system.

Our contribution is twofold. Due to experimental comparison and analy-
sis, we were able to ground our novel approach to fusing multiple modalities
at significantly different sampling rates with respect to the RTS smoother for
EKF (described in section 3.4). We hence offer our solution as an alternative
to this popular RTS smoother, whether intended for robotics application or
multimodal data fusion in general. Secondarily, with respect to our previous
results, we improved the multimodal data fusion by incorporating velocity
information from the visual odometry and resolved the scale problem for
processing panoramic images (section 3.3).

The paper is structured as follows: Section 2. introduces the related
work, Section 3. sums up our previous work, describes our new proposed
solutions and presents them in the context of smoothers for the EKF. Sec-
tion 4 summarizes the experimental evaluation and Section 5 concludes the
implications of our work.

2. Related work

Regarding the multi-modal data fusion, we built on our previous results
described in [3], especially the design of the EKF error models [9, 10, 11]—
even though the later work concerned a legged robot.

3This dataset has been already released to the robotics community at
https://sites.google.com/site /kubelvla/public-datasets /nifti-zurich-2013



If long-term reliability and good accuracy are required, dead-reckoning
solutions—such as those based on IMU and odometry—need other exterocep-
tive aiding modalities. In [12] it is shown that an IMU based dead reckoning
system can be realized and successfully combined with the visual odometry to
produce a reliable navigation system. We include visual odometry measure-
ments into the EKF fusion scheme as well, yet directly in a form of angular
and translational velocities computed by a more general implementation of
visual odometry [5] designed for an omni-directional camera (note that in
[12], the problem of tracking visual features is simplified by using a marker
for planar homography).

Beside the visual odometry, another typical sensor for aiding is the laser
range-finder. The laser range-finders are usually used for estimating vehi-
cle motion by matching consecutive laser scans and thus creating a metric
map of the environment [6, 7]. Examples of successful deployment can be
found for indoor—without IMU but combined with vision [13]—as well as for
outdoor—relying only on the IMU [2]. The most popular approach of scan
matching is based on the Iterative Closest Point (ICP) algorithm, which was
first proposed by [14] and [15]. Later, [16] proposed a 6D Simultaneous Lo-
calization and Mapping (SLAM) system relying primarily on the ICP. Work
of [17] proposed a localization system combining a 2D laser SLAM with a
3D IMU /odometry-based navigation subsystem. Contrary to the later pub-
lications realized in the context of SLAM, we only consider the output of the
ICP algorithm® as a local pose measurements—similarly as with the visual
odometry, we treat the laser localization module as a velocity sensor.

Solutions exploiting the EKF for fusing the dead reckoning with extero-
ceptive sensors are very popular [1, 2, 19, 20, 21|; our fusion scheme is based
on the EKF as well. Still, a number of problems arises in multimodal data
fusion. The problem of utilizing several sensors for localization, which may
provide contradictory measurements, is discussed in [22]. The authors use
Bayes filters to estimate sensor measurement uncertainty and hence evaluate
the sensor validity. We separately addressed this problem in [10], where we
utilized machine-learning techniques to detect anomalous measurements.

Since we aim for grounding our approach with respect to the smoothers
for Kalman filters (in order to smooth the trajectory estimates), we have
chosen the well established RTS [8] for the EKF as our base reference for

4We use the libpointmatcher implementation of the ICP algorithm [18]



benchmarking. Smoothers like RTS are well proven in the context of local-
ization. In [23] a network of time-of-flight Cricket sensors provide measure-
ments with a slight delay; the authors utilize an interacting multiple model
fixed lag smoother to incorporate these delayed measurements. In [24] in-
door localization problem is used to demonstrate properties of a smoother
for the Unscented Kalman Filter. And finally in [25], the RTS smoother is
actually utilized for the SLAM problem. Smoothing in Kalman filtering can
be applied to wide range of problems, e.g. work of [26] applies the RTS to
improve state estimation of a dynamic power system.

Several modifications of the RT'S smoother have been proposed [27, 28,
29] since its original publication [8]. They mainly aim on better numerical
stability and performance of the filter when deployed on computers with
limited precision of number representation. We compare our algorithm to
the RTS smoother using 64-bit double precision number representation and
thus we take the liberty to use the original RTS formulation from [8].

Apart from the Kalman filtering frameworks, factor-graph-based approaches
have recently gained popularity. They elegantly describe estimation problem
by a bipartite graph composed of variable and factor nodes representing sys-
tem states and measurements (application for localization is presented e.g.
in [30, 31]). Since batch optimization of the whole factor graph (which is
smoothing over all past estimates) can be costly, work of [32] presents the
iISAM2 algorithm that allows incremental optimization of the factor graph.
This approach is especially beneficial in the case of SLAM. Estimating the
position of observed landmarks together with the position of camera or other
sensor makes the problem highly non-linear. However, in the case of fus-
ing velocity or angular rates for on-line state estimation without performing
SLAM, the EKF framework provides comparable performance to the factor
graph approach [33].

Another approach that implicitly involves smoothing are inverse filters for
visual-inertial systems [34, 35]. These filters offer straightforward mechanism
for re-linearizing measurements and re-processing visual observations that
are within a defined optimization window. Work of [36] further provides a
smoother that combines benefits of numerical stability of the EKF and re-
linearization capability of inverse filters. Nevertheless, complete redesign to
a tightly coupled systems is out of scope of our work.



3. Smoother for multimodal data fusion

3.1. Platform and sensors

For the estimation of position and orientation, our localization algorithm
fuses four sensor modalities: the inertial data from an IMU and track odom-
etry, laser range-finder and visual odometries. As Figure 2 demonstrates,
each of these modalities generates measurements with different sampling
rates. Proprioceptive sensors (Xsens MTi-G IMU and track velocity en-
coders) provide high-sapling-rate measurements, yet they are prone to drift
caused by measurement noise integration and effects of track slippage. The
Xsens MTi-G IMU unit offers internal EKF-based attitude estimation but
we choose to utilize its raw measurements instead (since the fusion with other
measurements allows better attitude estimation). The IMU is connected to
the system via standard serial link (COM port), we neglect delay between the
actual measurement and read-out from the serial port buffer; we time-stamp
it by the current system time. The IMU sampling rate is approximately 90
Hz.

Visual and laser range-finder odometries rely on omni-directional images
captured by the Point Grey Ladybug3 camera and on range data acquired
by the SICK LMS-151 sensor respectively (the native functionality of the
laser range finder are 2D scans; it is rotated by a servo drive to obtain 3D
scans). The Ladybug3 camera is connected via Firewire 400 port; which is
saturated by high amount of the image data thus leading to reading delays.
Nevertheless, the camera time-stamps the images by the true time of the
capture. The laser scanner is connected to the system by ethernet link; the
raw data are not time-stamped. We introduce a time correction for the delay
between measuring and the data read-out (a small fraction of a second) that
was determined empirically.

The 3D scan can be generated even as the robot moves. For this purpose,
position is estimated from track odometry and IMU measurements—resulting
3D scans are accurate enough for the ICP algorithm to converge [18]. Since
our target applications to USAR do not allow reasonable use of GPS or even
magnetometer, we omit these modalities in our multimodal data fusion.
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Figure 2: Schematics of the multi-modal fusion algorithm.

3.2. Multimodal data fusion framework

Output of the four modalities is preprocessed or directly enters the EKF-
based® fusion algorithm that estimates—among others—the 3D position and
orientation of the robot. Figure 2 presents the outline of the fusion sys-
tem where v;, and wy stand for linear and angular velocities, f, is specific
force measured by the accelerometers. Attitude provided by the laser range-
finder and visual odometries is represented by quaternion g,; note that visual
odometry indicates velocity multiplied by an unknown scale A\, which has to
be estimated by the EKF fusion algorithm. As explained in [3], in order to
design a modular solution, we treat all the modalities as velocity sensors.

The exteroceptive sensors generate measurements that require prepro-
cessing in order to obtain information about translation and rotation of the
robot. The laser range-finder creates 3D scans of the environment. We use
libpointmatcher implementation [18] of the ICP algorithm to determine a

5We considered using the Unscented Kalman filter as well but according to our expe-
rience from work [9], the UKF does not improve the fusion performance since the model
of the robot dynamics is only an approximation of the true state.



rigid transformation that would match two successive point clouds together.
Resulting transformation reflects movement of the robot between the two 3D
scans. According to our experience, this estimate is reliable in most envi-
ronments the robot operates in. Its main limitation—the low sampling rate
of one scan per 3 seconds—is given by the speed of rotation of the laser
range-finder.

In general, there are 3 different approaches to incorporate these low-
sampling-rate measurements into the fusion algorithm [3]. We consider two
of them to be state-of-the-art common practice. The first expresses the mea-
sured translation as an increment in position [37], the second as a constant
velocity observed between two consecutive measurements [38]. Both solu-
tions did not provide satisfying results when applied to measurements with
such a low sampling rate. Therefore, we proposed a heuristic approach that
overcomes some of the problems cased by the sampling rate. We call it the
trajectory approach since it utilizes the shape of the trajectory estimated by
the remaining modalities to generate velocity measurements [3].

The basic idea behind the trajectory approach is that while the position
and orientation estimates deteriorate with time and distance traveled, lo-
cally, the shape of the trajectory resembles the true one. We choose two
time instances—two consecutive laser odometry measurements—and claim
that if we align a priori trajectory estimate (the one originating from other
modalities) with these measurements, we obtain locally accurate trajectories
around the two measurements. See Figure 3 that depicts the aligned a priori
and the resulting trajectories. We obtain the resulting trajectory by weighted
average of the original one and its realigned duplicate.

This heuristic approach allows us to generate velocity measurements that
better fit into the EKF fusion scheme. Also, it is possible to further apply
non-holonomic constraints on the velocity measurements, which help to re-
duce the drift in the vertical axis mainly caused by slight inaccuracies in the
pitch angle indicated by the laser odometry.

3.3. Scale-dependent velocity information from visual odometry

Relative motion of the robot is also measured by the visual odometry
(VO). It benefits from the omni-directional camera observing the whole scene
(up to occlusions caused by the robot body) and thus it is not loosing ob-
served image features while turning. The omni-directional camera consists
of several perspective cameras built in a way that purposively puts individ-
ual camera centers very close to each other and it is modeled as a central

8
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Figure 3: The trajectory approach [3]. Trajectory estimated from all modalities except the
low-sampling-rate sensor (solid red line) is combined with position information (pg,pr—1)
from the low-sampling-rate sensor (laser odometry). The new trajectory (thick blue) is a
weighted average of the original trajectory and its aligned duplicate (red dot-dashed line).

omni-directional camera. Therefore, scale of the scene cannot be computed
directly and it is up to the fusion algorithm to estimate it. The estimated
scale then affects the velocity indicated by the VO. Since the VO scale has
not been the part of the original fusion algorithm we proposed in [3] (and
thus only VO attitude corrections could be utilized), we augment it to the
state vector as follows:

' M)
where p is position of the robot in the N—-frame (Navigation/world frame),
g% is unit quaternion representing attitude, vg is velocity expressed in the
R—frame (Robot/body frame), wg is angular rate, fj is specific force [39)],
b, and by are accelerometer and angular rate sensor IMU-specific biases
expressed in the I-frame (Inertial frame). A is the VO scale. Since we
implemented the EKF in the error-state fashion (compare standard EKF
equations with the error-state EKF in the Figure 4), the system state is
accompanied by the corresponding error state Ax:

Am:[ApN 00 A’UR AwR AfR Awa Abf,[ A)\]T (2)

zc:[pN qﬁ vp wr fr bw,l be )‘}

9



Measurement model for velocity indicated by VO is then

Yyvo = AR+ Myyvo (3)

where m,, yo is measurement noise associated with this sensor modality. For
the error-state EKF, we express associated measurement residual, i.e. how
the error state contributes to the observed discrepancy between expected
measurement and the actual one:

Yvyvo — @v,vo = Ayv,vo
= (A + AN (Vg + Avg) — Mg+ myvo (4)
~ UrAN + S\A'UR +myyvo

where all the hat symbols stand for expected values obtained by the sys-
tem state propagation in time. From the result of (4), appropriate rows of
the measurement matrix H can be constructed; vector of all measurement
residuals is then expressed as

Ay=HAx+R (5)

where R is the measurement noise matrix. Since the scale A is not known, it
is initialized to one and left to be estimated.

Before the value of scale of the VO converges, invalid corrections of the
velocity vy are propagated into the system state. Similarly, erroneous track
odometry measurements (e.g. in case of slippage) will eventually propagate
into the estimate of A\. Therefore, to be able to utilize the visual odometry
in a reasonable manner, we propose a modification that separates the A
estimation phase from the VO aiding phase by omitting either the Mg
term or the RAN term from (4). In the first case, only A is estimated
without any vg corrections being introduced. Based on the current EKF
filter setting, we empirically determined it takes approximately 1.5 meters
traveled by the robot for the A to converge to a stable value (travel speed of
the robot is in average 0.4m/s). After this nominal distance, we switch the
terms, so from that point, A is constant and every measurement residual is
propagated into vg correction. Of course, this approach expects the visual

odometry to maintain constant scale, which may not always be the case®.

OIf the scale does not stay constant and anomalous VO measurements are detected by
the standard x? test or one of approaches proposed in [10], A can be re-initialized again.

10
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Figure 4: Comparison of the standard (left) and error-state (right) Extended Kalman
filter computational scheme. Note that the system matrix F}. differs between the two filter
implementations, it describes either dynamics of the system state or of the error of the
system state [3]. Both F} and Hj, (measurement matrix) are linear approximations of the
general nonlinear functions describing the system.

3.4. RTS smoother for the EKF

Since the main goal of this paper is to compare our trajectory approach
with the combination of the standard state-of-the art incremental position
approach with a smoother for KF, we introduce here the way we utilize the
Rauch-Tung-Striebel smoother [8] with our error state EKF implementation.

By smoothing it is understood estimating the state based on both past
and future measurements. In general, smoothing can be used when a small
delay in estimation can be tolerated or in case of post-processing. Stan-
dard RTS smoother is a two-pass filter which in the forward pass does not
differ from the Kalman filter. The smoothing is then performed in the back-
ward pass, given by the following equations. By subscript [s], we denote the
smoothed state; the last sample N is considered smoothed as it is:

L[s),N = LN|N (6)

and the rest is smoothed using these recursive equations, where P is the state
covariance matrix and subscripts k + 1|k and k|k stand for a priori (at time
k+ 1) and a posteriori (at time k) estimates of the state and its covariance:

Tk = Tafe + Ak (T 1 — Thr1i) (7)

11



Pk = Pup + Ay (Pt — Prrape) Af, (8)

where the gain Ay is obtained from covariance matrices P and the system
matrix F7 as follows

Ay = PyrFy Pl (9)

In case of the error-state EKF, the procedure is very similar, only (7) has
to be interpreted in terms of the error state. The term (w[s}’k_i_l — Tpq1| k) has
to follow the error state definition, which involves subtraction in all terms
but the quaternion g—rotation vector 46 is used (2) instead of the equivalent
quaternion expression

0G), = Qi1 © Dyy i (10)

where ® stands for quaternion multiplication (see [40]). 60 is then two times
the vector part of dg. Similarly, the following summation operation

is not defined; the correction has to be applied following the error state EKF
definition; i.e. summation in all terms but the quaternion, where the rotation
vector 66 is expressed as quaternion (6g = [0.560" 1]7) and multiplied by its
counterpart in @y:

Qs = Qi @ Oy, (12)

Since the trajectory approach operates on states between two consecutive
laser odometry measurements, we smooth the same states by the RTS in the
case of the incremental position approach for our comparison.

4. Experimental evaluation

4.1. Dataset description

For the purpose of experimental evaluation, we used our dataset that we
already released to the community®. It consists of experiments performed
both outdoors and indoors, under reasonably challenging conditions—track
slippages that occur naturally with the robot movement, traversing stairs,

"For the full definition of the proposed state space model, the error model and its
linearization see [3].

83, 41], the dataset is recorded in a ROS bagfile format. Precise ground-truth position
reference as captured by Vicon system is included.
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slopes, gravel etc. We also performed series of experiments, where we delib-
erately diminished sensors performance (covered part of the omni-directional
camera, scene over-exposure, artificially limited laser range-finder range) or
simulated rough conditions (slippery slopes, deformable and unstable sur-
faces, hitting obstacles; see Fig. 5). The complete dataset contains approxi-
mately 3.2 km experiments with ground truth. To be able to evaluate perfor-
mance, indoor experiments (total length 1.6km) were tracked by the Vicon
system. With the ground truth, we can evaluate localization error in any
given time yet such a metric is difficult to interpret, mainly because the er-
ror grows with distance traveled. To overcome this problem, we normalize
the accumulated error by the distance and call it average position error:

l
Zi:l sz - pref,i”

Canall) = l

(13)

where [ is the position sample index. To improve legibility of this metric in
plots, we express the e, as a function of time

Cavg(t) = €avg(1(1)) (14)
where [(t) simply maps time ¢ to the corresponding sample .

4.2. Fvaluation

We distinguish between experiments with nominal conditions and special
fail-cases, where we deteriorated performance of selected sensor modalities
or even caused their failure. Yet to properly test and compare the RTS
smoothed incremental position approach with its trajectory approach coun-
terpart (we are interested in the impact of these approaches to artifacts
caused by erratic measurements), we include these fail-case experiments to
the overall statistics.

In this subsection, we provide several examples of nominal and fail-case
experiments (Figs. 6-10) that demonstrate behavior of both evaluated ap-
proaches. When navigating over flat surfaces (Fig. 6, 7 or 8) and inclined
ramps without major slippage (Fig. 9) the trajectory approach allows to gen-
erate hi-rate velocity measurements from low-rate position increment mea-
surements. These can be corrected by non-holonomic constraints that com-
pensate effect of improper attitude estimation on the side of the low-rate
odometry. Inaccurate attitude introduces errors when expressing measured
velocity in the body coordinate frame. These errors—in our case—lead to

13



drift in the Z-axis (vertical). The constraint we apply assures that the gen-
erated hi-rate velocity vector is parallel with the X-Y plane of the body
coordinate frame of the robot. As the plots of results evaluated at nominal
conditions demonstrate, our constraint of velocity measurement suppresses
the drift in the vertical axis.

Figure 5: Examples of obstacles traversed during indoor localization experiments (Vicon
tracking system as a ground truth). Top images: Ramp with a slippery surface (lacquered
wood) and a non-slippery one (soft rubber). Bottom images: Pile of soft plastic foam,
polystyrene and a nylon net (the wooden box served as a side support for the pile).

First exaple of experiments in the Fig. 6,7 compares the discussed ap-
proaches on a basic square trajectory. Both the incremental position ap-
proach and its RTS smoothed version show drift in the Z-axis, which is
suppressed by the non-holonomic constraint in the case of the trajectory ap-
proach. The same effect of the trajectory approach is shown in a long corridor
experiment in the Fig. 8. The reference system was a Leica Total Station®.

9Theodolite with a laser range finder which tracked a prism attached to the robot—the
reference is thus available on the second floor of the two-floor trajectory. There is also cca.
0.5 m offset from the robot origin because of the way of attaching prism to the robot.

14
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Figure 6: Comparison of the discussed approaches in an experiment with nominal
conditions—robot was navigated in a square-shaped pattern on a leveled floor.

---RTS Smoothed IPA —
- 0.15
Trajectory Approach .g.
—Vicon Reference g
i}
,,,,,,,,,,,,,,,,,,,,,,, 5 0.1
________________ ‘@
"""""" O
___________________ o
£,0.05
...................... o]
— [
>
< -,
2 -0.1 0
-2 0 2 -2 -1 0 1 2 0 50 100 150
X[m] X[m] Time [s]

Figure 7: Effect of drift in the Z-axis for the RT'S smoothed incremental position approach
(IPA) compared to the trajectory approach (same experiment as in the Fig. 6).

As the motion of the robot becomes more complex, localization drift
increases. This is shown in the Fig. 9. In this experiment, robot repeatedly
approached, climbed and descended an inclined ramp (see Fig. 5, top right).
Each time the robot rolled onto the ramp and each time it pivoted over its top
edge small localization error accumulated. In this case, the non-holonomic
constraints diminished drift on flat parts of the trajectory but did not help
when the robot passed over the edges and thus the localization accuracy of
the two approaches was comparable.

An extreme fail-case of violating assumptions laid by the trajectory ap-
proach is demonstrated in the next example in the Fig. 10. The robot tra-
versed two seesaws made of wooden pallets and large wooden blocks serving
as a pivot. At some point of the traversal, the pallet together with the robot
pivoted over while performing rotational and translational motion. Both
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Figure 8: Effect of the discussed approaches in a long narrow corridor experiment spanning
two floors. Non-holonomic constraints in measured velocity (allowed by the trajectory
approach) reduced the Z-axis drift. Note that the reference system was available only on
the second floor and the offset between the reference and the trajectory was caused by
tracking a prism on a 50 cm pole attached to the robot.
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Figure 9: A ramp-climbing fail-case experiment example. The robot repeatedly climbed
an inclined ramp (see Fig. 5, top right). With each pass, error in the Z coordinate estimate
increases because of inaccurate readings of the tracked odometry when rolling onto the
inclined ramp and pivoting over its top.

of motion components were sensed by the inertial measurement unit. Ro-
tational part was estimated without any problems, however, the translation
was based on data from visual odometry, IMU acceleration and track odome-
try which provided contradictory measurements. This resulted into incorrect
localization for both approaches; non-holonomic constraints were violated.
The last presented fail-case related to the low-rate ICP odometry is de-
picted in the Fig. 11. In this experiment, we intentionally paused laser range
finder for up to 45 seconds simulating ICP odometry outages. During these
outages, the robot passed over slippery and non-slippery ramp inducing track
odometry errors discussed in previous experiment examples. It is necessary
to comment on the middle plot in the Fig. 11: Compared to our fused lo-
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Figure 10: An extreme case with slippage and swinging pallets. The pivoting motion
of the pallet lying on the wooden block violates the non-holonomic constraints used in
the trajectory approach. That results in worse position estimate than the smoothed incr.
position approach.

calization output, the bare ICP odometry yields minimal error. That is
expected in a laboratory where it has perfect conditions for localization—
six large planes of walls, ceiling and floor. This advantage does not hold in
general, ICP odometry tends to perform poorly in uniform tube-shaped en-
vironments (e.g. long corridors). Nevertheless, comparison of the smoothed
incremental position approach and the trajectory approach favors the first
one. While slippage does not usually significantly deteriorate the trajectory
approach performance, the long outages lead to poor trajectory reconstruc-
tion (Fig. 3), especially in the Z-axis leading to stronger drift'°.

4.8. Comparative analysis

In the Table 1, we evaluate performance of the approaches on the indoor
set of experiments—the Vicon reference system provides higher sampling
rate and thus allows us to evaluate overall accuracy as well as details of the
estimated robot trajectory. The first column contains the set of experiments
with nominal conditions; in the second column, the fail-case experiments are
also included. The results show that the overall accuracy is comparable—
the median values of average position error of each approach is well within
lower and higher quartiles of the other approaches. We choose to express
the results by lower and higher quartile and median since our metric value

10Tp this case, however, the fusion system could be easily modified to detect ICP odom-
etry outages and accommodate appropriately.
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Figure 11: An ICP laser odometry outage fail-case. The raw ICP measurements are shown
in the middle plot (blue stars are the points of the ICP measurements); the nominal rate
is 0.3 Hz however in this experiment, we switched laser for longer periods to simulate
laser failures. The robot path also included the slippery ramp that caused invalid velocity
measurements from track odometry.

Table 1: Comparison of the trajectory and smoothed incremental position approach in
terms of average position error

Normal conditions + Hard conditions

(777m,7218s) (2174m,15931s)
Approach
incremental position 0.08/0.12|0.22 0.10/0.18|0.39
incr. pos. with smoothing 0.08/0.12|0.21 0.10/0.19|0.38
trajectory approach 0.11/0.14/|0.24 0.12]0.19|0.36
lower|median|higher quartile [m]

is not normally distributed. Including the fail-cases increases the median of
the average position error, as expected.

4.4. Discussion

With respect to the presented results, obvious question arises: which ap-
proach should be chosen? On flat or reasonably inclined surfaces without
rough transitions, trajectory approach thanks to non-holonomic constraint
on ICP odometry velocity measurements corrects localization drift (predom-
inantly in the Z-axis). On rough and deformable terrain and when pivoting
over obstacle edges, the non-holonomic constraint does not hold anymore and
therefore, the standard incremental position approach performs similarly to
our trajectory approach. In the Vicon-referenced part of our dataset, the
dominant part are experiments where the robot crosses ramps and other
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obstacles. Therefore, the comparison of the approaches in the Table 1 in-
dicates similar performance. The choice of the approach therefore depends
on the expected conditions of the robot deployment. If a significant part of
trajectories driven by the robot contains large flat areas (structured environ-
ment in general), the localization can benefit from non-holonomic constraints
implemented in the proposed trajectory approach.

Smoothing the position estimates (either by adding the RTS smoother
into the incremental position approach or using the trajectory approach) can
only improve estimates backwards into history. Closed-loop controllers will
be negatively influenced by the delay, but there may be systems where the
delay does not matter (typically registration of various sensor measurements
with world coordinate frame).

5. Conclusions

We have improved our multimodal data fusion by incorporating veloc-
ity measurements obtained from monocular visual odometry, whose scale
is in principle unknown. We have compared our trajectory approach with
the combination of a state-of-the-art approach and the Rauch-Tung-Striebel
smoother that was modified for the error-state EKF. We evaluated its per-
formance on a set of experiments (over 2 kilometers of distance traveled)
designed to imitate USAR mission conditions—even those that cause some
of the sensor modalities to fail.

The results have shown that both approaches are comparable in terms
of average position error due to challenging composition of the dataset, yet
the trajectory approach clearly outperforms the standard incremental posi-
tion approach with RTS under nominal conditions. We further investigate
conditions that are not nominal in [10], where we propose extension of the
EKF fusion framework by an anomaly detection algorithm that allows us to
cope with these conditions.
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