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Abstract— This paper presents a Graph-based Simultaneous
Localization And Mapping (GraphSLAM) approach for a
robotic system relying on the reflections of ultrasonic guided
waves to enable long-range inspection tasks on plate-based
metal structures. A measurement model that can leverage multi-
order acoustic echoes is introduced for accurate localization,
and beamforming is used for mapping the boundaries of
individual metal panels. These two elements are subsequently
integrated within a nonlinear least squares optimizer to solve
the full offline SLAM problem. We experimentally evaluate
the potential of this approach in a laboratory environment.
We observe the improved localization accuracy of the multi-
order echo model compared to a second model, from previous
works, that relies solely on first-order echoes. We also show
that the proposed approach can yield accurate SLAM results,
hence showcasing the standalone capability of ultrasonic-based
GraphSLAM for envisioned long-range inspection applications.

I. INTRODUCTION

Acoustic Simultaneous Localization And Mapping (acous-
tic SLAM) is a significant challenge that requires efficient
solutions to allow for robotic inspection of large plate-based
structures. A promising application is the long-range detec-
tion and localization of corrosion patches on large structures
made out of metal panels assembled together, such as ship
hulls and storage tanks (Fig.1, left). Indeed, when combined
with other systems (inertial measurement unit, laser range-
finder, ultra-wideband beacons...), Ultrasonic Guided Waves
(UGWs) have the potential to provide accurate robot po-
sition, which is critical to inspection results obtained via
acoustic imaging techniques [1]. In this context, UGWs may
be useful for mapping the edges of the individual metal
panels, as they can serve as structure-bound landmarks for
localization, prior to a defect detection step.

On metal plates, guided waves can be generated by ap-
plying piezoelectric transducers in contact with the surface.
These waves propagate radially around the emitter through
the plate material, and potentially over large distances. When
encountering the plate edges, these waves can be reflected,
and a receiver can collect the acoustic echoes. As UGWs are
also sensitive to material integrity [2], the resulting acoustic
measurements carry essential information on the acoustic
source position, the plate geometry, and the structure health.
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Fig. 1: Left: Typical operation conditions of the Altiscan
magnetic crawler on a storage tank. Right: Graph represen-
tation of the SLAM problem, where the variables to estimate
are the positions x; and the map M, the inputs are the
odometry data u; and measurements z;, and the constraints
between the variables are represented with the [ functions.

In mobile robotics applications, SLAM is typically one
of the most significant challenges to address. Solving the
full SLAM problem usually involves high-dimensional batch
optimization over a sparse graph, where the unknown vari-
ables (robot positions and map) are the nodes, and the
edges between them represent information constraints that
are induced either by odometry or measurements (Fig.1,
right). Unlike online filtering techniques, such as Kalman
filtering or particle filtering [3], GraphSLAM [4] can use
the information contained in all the measurements to infer
the target variables. In the context of long-range robotic
inspection, we envision that GraphSLAM, through a com-
plete optimization over all the measurements, may support
accurate robot localization and structure geometry mapping.
Nevertheless, applying GraphSLAM techniques to UGWs
measurements is challenging due to the inherent complexity
of the measurements that present wave dispersion effects [5]
and multi-echoes characteristics [6].

This work presents an offline GraphSLAM approach to
simultaneously recover the trajectory of an inspection robot
along with individual metal plates geometry from odometry
and ultrasonic measurements. Our setup only requires a
single omnidirectional emitter/receiver sensor mounted on
the mobile platform. We introduce an observation model
that can leverage multi-order echoes for localization, and
we rely on beamforming [7], a standard spatial filtering
technique, to map the plate boundaries. These two elements
are subsequently integrated within a Nonlinear Least Squares
(NLS) optimizer to solve the full SLAM problem. We show
experimentally, using ultrasonic measurements acquired in a
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laboratory environment, that the proposed observation model
leads to better localization accuracy when compared to a
simpler first-order echo only model from previous works.
Furthermore, we illustrate that the proposed GraphSLAM
approach has potential to yield accurate SLAM results.

II. RELATED WORK

On the one hand, UGWs are usually deployed on sensor
networks that are permanently attached to the structure for
defect detection and localization using prior knowledge of
the sensor positions [8], [2]. This setup, however, is restricted
to monitor a minimal and fixed area. On the other hand,
mobile robots can be deployed to perform point-by-point
thickness measurements [9]. However, the overall inspection
coverage is sparse, as only the surface beneath the probe is
effectively controlled with a single measurement. The use of
omnidirectional UGWSs is a promising prospect to overcome
the inherent limitations of the two mentioned setups [1], [10].
Yet, deploying long-range UGW-based techniques in practice
on a mobile platform is still a significant challenge.

GraphSLAM is an approach that is now well studied [4].
Numerous GraphSLAM methods and solvers have been
developed, with increasing computational efficiency [11],
[12], [13]. These techniques have gained such maturity
that they can seamlessly adapt to various sensor modali-
ties (Laser, computer vision, IMU...) and SLAM problems.
GraphSLAM can be applied to direct line-of-sight range
measurements [14], [15], and has been used in combination
with beamforming [16]. The integration of multi-path com-
ponents has been investigated [17], but it leads to significant
complexity due to the explicit data association problem.

In the literature, [18], [19], [20] attempt to achieve acoustic
SLAM to simultaneously recover the geometry of a room
along with the observation positions using acoustic echoes
from the walls. Yet, they rely on the critical assumptions
that only first-order echoes are detected, and assume that
the echo-wall associations are flawlessly known. [21] does
not rely on such assumptions, but the work is restricted to a
simple (one-dimensional) case with linear transition and ob-
servation models. Closer to our case-study, UGWs measure-
ments acquired with a single omnidirectional emitter/receiver
have been integrated within a particle filter to achieve on-
plate acoustic SLAM [22], [6]. Yet, these online filter-based
methods do not leverage high-order acoustic echoes, whereas
they contain crucial localization and mapping information.

Overall, an elegant solution to the full acoustic SLAM
problem using a single omnidirectional emitter/receiver de-
vice, and leveraging multi-order signal reflections, is still
lacking. We propose here a novel GraphSLAM approach to
enable its emergence and application to inspection robots.
Our approach builds on a custom multi-order measurement
model along with beamforming. It has low complexity, as it
does not require any echo-extraction step that would make
it sensitive to echo detection errors, and would necessitate
explicit echo-plate boundary association, which is a chal-
lenging task for ultrasonic measurements. The experimental
results illustrate the potential of the proposed approach.

G

o ~[L

D) — LT
G

P1 P3

Fig. 2: Tllustration of the image source principle. (Left) actual
setup with an omnidirectional emitter/receiver in a partially
bounded space. (Right) Equivalent setup provided by the
image source model. The first-order image sources at p;
and p, are obtained by symmetry of the real source on
each boundary. The second-order one at ps is obtained by
symmetry of one of the first-order image sources.

III. METHOD

We consider a mobile platform equipped with an emit-
ter/receiver pair of co-located contact acoustic sensors, and
moving on a metal surface. At the i scanning position, the
emitter at position x; = [z;,yi, ;)7 (2D pose + orientation)
sends an omnidirectional acoustic wave with a pulse s(t)
through the plate. Simultaneously, the receiver collects the
acoustic response z;(t), which contains acoustic echoes due
to reflections of the incident wave on plate boundaries.
We assume that noisy odometry information u; is available
(typically provided by wheel encoders or an IMU). The
objective is to infer both the full robot trajectory xo.r and
map M that accounts for the plate boundary positions. In
this work, we do not consider other acoustic scatterers such
as defects. However, their detection and localization shall be
considered in future works for a complete inspection task.

A. Measurement model

The ultrasonic measurements essentially contain the suc-
cessive reflections of the excited wave on plate boundaries.
They can be modeled based on the image source model [23],
which states that the reception of any edge reflection can
be interpreted as a signal originating directly from a fictive
image source. The image sources positions depend on the
position of the actual emitter and map geometry, as illustrated
in Fig 2. This results in the signal model:

ity =Y

PEZ(x;,M)

9(lp = xil[,2) * 5(t) + ni(t),

where x; is the robot position at time step i, ||.|| is the
Euclidian norm in R2 calculated on the X, y coordinates only,
Z(x;, M) the set of the image sources positions for a plate
geometry M and a real source position x;, g(||p — x;l/,?)
is the acoustic transfer function of the propagation medium,
and * denotes the convolution operation. With the assumption
that the material is isotropic (i.e wave propagation is the same
in any direction), the propagation transfer is only a function
of time and of the distance between the receiver and the
image source. n;(t) is an additive Gaussian noise term, that
we assume temporally and spatially white.

10624



B. Localization with a multi-order echo model

In the first step, we design an observation model that can
leverage multi-order reflections from UGWs measurements
for localization only on a metal panel. Following the pro-
cedure described in [6], we determine correlation signals,
from the measurements, to assess the likelihood that a single
acoustic reflection occurred at any distance r with:

Z{(T) — <Zi(t)7 2(7", t)>
z V{z(8), 2(6) (B, 1), 2(r 1))

where £(r,t) = §(2r,t) * s(t) is the expected signal con-
taining an echo due to a reflection at a distance r, ¢ is
a propagation model as in [6], and (.,.) denotes the usual
scalar product for time-continuous signals. We subsequently
retrieve their envelope with e;(r) = |zi(r) + jH(2)(r)],
where H denotes the Hilbert transform operator.

Assuming a known plate geometry M, we model, for a
candidate sensor position x, the expected envelope signal as
a mixture of Gaussian functions:

2
T (=P —x
/’LP + €Xp ’
o
pEZ(x,M)

where Z(x,M) contains the image source positions, and
o is a positive parameter. As the amplitudes jp are not
known a priori, we propose to estimate them by mini-
mization of the mean-squared error between é(x,r) and
e;(r). Let’s first discretize the different variables: é(x) =
[e(x,71), ..., é(x,7a)]T and e; = [ei(r1),...,ei(rar)]T,
M € N. Let’s define a “steering” vector function:

i) = [ - (22

Let’s call N(x, M) the number of image sources p,, n =
1..N(x,M), in Z(x, M) whose signal can be observed in
e;, as they are such that ||p, — x|| < rps. After definition
of the M x N(x,M) dictionary matrix:

é(X, T) =

A(X? M) = [a(x7 pl)’ a(x, pQ)a ) a(x, pN(x,M))} )

the expected envelope measurement obtained for a candidate
position x is defined as

é(X7Maei> - A(X’ M) 'l)‘(xaMaei)a (1)
where fi(x, M, e;) € RN*M) is the least square estimate:
f(x, M, e;) = [A7(x, M)A(x,M)] ' A”(x,M) - e.

The positions of the image sources required to determine &
can be analytically derived for polygonal geometries based
on the image source algorithm. For a rectangular panel with
dimensions w X h and a source at x = [x,y] expressed in
the plate frame as represented in Fig.3, we have [24]:

Z(x,M) = {[2nw £ z,2mh £ y]" /(n,m) € Z*} /(z,y).

In Fig. 4, we illustrate how the envelope signal model
can adequately match the measurements. Fig. 4a shows an

Fig. 3: Shows the positions of the image sources (red dots)
for a rectangular plate (in blue) with dimensions w X h, and
a fixed emitter position [x,y] (blue dot).
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(b) The envelope signal obtained from (a) superimposed with the
expected envelope (in red) after matching the model in Eq. (1)
with the former. A value o0 = 2cm is used.

Fig. 4: Tllustration of the envelope signal obtained from an
experimental ultrasonic measurement acquired on a rectangu-
lar metal panel, and comparison with the expected envelope
calculated with the matched Gaussian mixture model.

experimental ultrasonic measurement obtained on an alu-
minium plate in a laboratory environment. Fig. 4b shows
the corresponding envelope signal obtained after correlation
with a wave propagation model. It is superimposed with the
expected envelope signal, which is calculated with Eq. (1)
based on the ground-truth sensor position and plate size.
It can be seen that there is a good match between the
measured and expected envelopes, as there is an appropriate
correspondence for all the positions of the local maxima.
Last, to localize the emitter/receiver on a metal panel
given an envelope measurement e, one may simply use the
mean squared error between expected and measured envelope
signals as a log-likelihood function of the sensor position:

I(x|e) o —[lé(x, M, e) —e||*.

The position of the maximum of this (highly non-linear)
function yields a Maximum Likelihood (ML) position es-
timate. This will be further illustrated in the results section.

C. Mapping only via beamforming

To map the plate boundaries, we use a beamforming
approach [6], that is briefly recalled here for completeness
and adapted notations. The plate geometry is represented
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by a set of lines: M = {r;,6;},_, , where the parameters
(r1,0;) define the line equation in the 2D plane with
x-cos 0;+y-sin §;—r; = 0 in a non-mobile frame with respect
to the plate. Moreover, we limit our case-study to rectangular
shapes, hence the potential geometries possess only four
lines forming a rectangle altogether. This is not a significant
limitation for inspection on ship hulls and storage tanks as
they are, in the majority, made out of rectangular panels, as
illustrated in Fig.1. With the assumption of a known sensor
trajectory xo. 7, we create the beamforming map with:

T
‘ch:T (T’ 9) = €i (dxi (T7 0))7
i=0

where dy;(r,0) = 2 X |x; - cos@ + y; - sinf — r| is the
distance between the sensor and the first-order image source
related to a reflection of the excitation signal on an edge
with coordinates (r,6). It must be noted that, for mapping,
only first-order reflections are taken into account in the
model, as we reason on individual edges for computational
efficiency. Next, we estimate the plate geometry with:

I\A/[(XOZT) = arg ml\%x Z Lxo.r(1,0), 2)
(r,0)eM

where M is restricted to be a rectangle. This optimization
problem can be solved efficiently by taking this constraint
into account [6]. Although it is limited here to rectangular
shapes, this mapping approach can be practically generalized
to arbitrary 2D convex polygonal shapes by adding a
regularization term to the cost in Eq. (2) [25].

D. Integration of beamforming within GraphSLAM

GraphSLAM aims at finding a maximum a posteriori
estimate of the map and robot trajectory given odometry and
ultrasonic measurements over the full posterior distribution.
Under the assumption of Gaussian distribution of the mea-
surements, this amounts to minimize the negative logarithm
of the posterior distribution that we model as:

T-1
J(x0.7, M) = Z [xis1 — fayn (i, w3) |3
=0
T
HA T le(xi, M, e;) —el[%, (3)
i=0
where ||.||s is the Mahalanobis distance with covariance

matrix parameter 3, A\ is a positive parameter used to
balance the importance between odometry and ultrasonic
measurements in the cost, and fyy, is the transition model.
One may note the convenience of such formulation, as
it never requires the extraction of the individual echoes
contained within the measurements, or their association with
the unknown boundaries they would originate from.

Within this optimization formulation, we propose to inte-
grate beamforming, as it can reliably infer the map M given a
trajectory, and thus provide relevant map initialization, which
can be critical when relying on iterative NLS optimizers.
This integration is achieved by minimizing J(xo.p) 2

J(x0:T71\A/I(x0:T)), where M(XOZT) is as in Eq. 2, hence
reducing the dimensionality of the problem.

Assuming that a “good” initial guess of xq.7 is available,
the minimization of .J is achieved using the standard NLS
approach [4]. Yet, due to the integration of beamforming,
the Jacobian of the residuals E, defined such that J(xo.7) =
ET (xo.7)E(x0.7), is not sparse. Indeed, all the terms in the
second sum in Eq. (3) depend on the full trajectory when
M = M(xq.7). Even tough we are addressing the offline
SLAM problem, this approach would not be scalable to large
trajectories due to the extensive computational time.

To remedy that, we assume that the map does not vary
with infinitesimal variations of the trajectory. Under this
assumption, the Jacobian matrix of E is sparse, and can be
efficiently calculated [26]. Overall, for each iteration of the
optimization process, we first update the trajectory with a
NLS step. Next, the map is determined via beamforming
with Eq. (2). This two-steps process is then repeated until
the variation of the loss becomes lower than a threshold.

IV. EXPERIMENTS

We assess the efficiency of our GraphSLAM approach
on two sets of acoustic measurements acquired on two
rectangular metal panels, in a laboratory environment. The
first plate is in aluminium and has dimensions 600x450x6mm
(Scenario 1), while the second plate is in steel and has di-
mensions 1700x1000x6mm (Scenario 2). The measurements
are acquired by manually placing an emitter/receiver pair
of co-located transducers at well-defined locations. Further
details on the acquisition procedure are available in [6].

A. Evaluation of the multi-order echo observation model

To assess the benefit of using a multi-order echo observa-
tion model for localization, we first compare the localization
accuracy achieved both with the proposed model, and with
a simpler observation model used in [6], that only relies
on first-order reflections. To this aim, given an envelope
measurement e;, we model the log-likelihood of the sensor
presence at any position x with:

> cilde(r,6))

(r,0)eM

lls'order(x|ei) =

for the first-order model, and with:
lmulti—order(x|ei) = _||é(X7 M7 ei) - eiH2

for the multi-order echo model. We determine likelihood
maps for each model, using different envelope measurements
e;, and based on the known plate geometry M. A likelihood
maximum is expected at the true sensor position. We show,
in Fig. 5, several instances of likelihood maps obtained for
each model, with the aim to illustrate the likelihood patterns
obtained from the measurements acquired on the two metal
panels. One may notice that the likelihood maps present the
same two axis symmetries than the rectangular plates due
to the ambiguity of the echo (range-only) measurements,
which cannot be disambiguated without the integration of
an external localization system.
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(d) Typical effect induced by overfitting of the multi-order model.

Fig. 5: Likelihood maps of sensor presence obtained using measurements acquired on the aluminium plate (a), (b), and on
the steel plate (c), (d). The true sensor position is indicated by the red mark. The outline of each plot accounts for the plate
boundaries, and the color maps only spans the range from the minimum to the maximum likelihood value.
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Fig. 6: Empirical Cumulative Distribution Functions (CDF)
of the localization error obtained with the ML position
estimates in the two scenarios under consideration.

We first qualitatively assess the performance of the ob-
servation models. Fig. 5a depicts a scenario where the two
models point to the correct sensor position. In Fig.5b, only
the first-order model does not point to the correct sensor
position. This is due to signal interference. Namely, one en-
ergetic reflection in the envelope measurement is erroneously
“interpreted” by the model as a reflection originating from
an incorrect boundary (the left one in this case), leading
to poor localization accuracy. Furthermore, highly energetic
high-order reflections also contribute to localization errors,
because the model can possibly interpret them as first-order
ones. With the multi-order echo model, however, a likelihood
maximum can be identified at a much closer location to the
ground truth sensor position. The same observations hold for
Fig. 5c, which depicts the likelihood maps for one measure-
ment acquired on the large steel plate. This illustrates that the
multi-order approach is better suited for localization. Fig. 5d
illustrates the detrimental effect caused by “overfitting” of the

multi-echo model, which occurs when the correlation value
due to one reflection is relatively important compared to the
other ones in the measurement. Indeed, due to the estimation
of the coefficients pp in Eq. III-B through matching the
expected and measured envelope signals, the former will
present substantial similarity with the measurement for any
candidate sensor position for which the echo is expected
(either as a first or a high-order echo). This results in higher
localization ambiguity. Yet, this phenomenon is observable
in the dataset for only a very limited number of measure-
ments. We will see later whether the proposed GraphSLAM
approach can yield accurate results in their presence.

With the aim to quantitatively compare the model’s perfor-
mances, we evaluate the empirical cumulative distributions of
the localization error obtained with the ML position estimates
for the two datasets. As the localization ambiguity due to the
plate symmetries cannot be resolved when relying solely on
UGWs, we only consider a single quarter of the plate when
we determine the ML estimates, and evaluate its minimum
distance to the 4 symmetrical points of the truth position.

We show in Fig. 6 the empirical distributions obtained for
each of the two models, and in the two scenarios. One can
observe that in the first one, the localization error is lower
than 2cm for 75% of the data when relying on the multi-
order model, and the median error is 0.8cm. To reach the
same proportion with the first-order model, the error must be
higher than 10cm, and the median error is 4cm. In the second
scenario, the localization errors are relatively higher. This
could be due to lower signal-to-noise ratio and larger plate
surface. Still, the multi-order model clearly outperforms the
first-order model in localization accuracy. For example, the
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Fig. 7: Representation of the SLAM results during iteration
steps 1, 15, 29, and 41 of the NLS optimization process using
the data from Scenario 1. The true outline of the plate is
represented by the black rectangle. The reconstructed (resp.
ground truth) trajectory is represented in the estimated (resp.
ground truth) plate frame for easier comparison.

median localization errors are respectively 3cm and 15cm.

Overall, these results support the benefit of using our ap-
proach that can leverage multi-order echoes for localization,
compared to a first-order echo only model.

B. Experimental localization and mapping results

In the following, we evaluate the performance of the pro-
posed GraphSLAM approach that integrates the multi-order
observation model. We simulate “lawn mower” trajectories
for the two scenarios by using the theoretic displacement
between the truth measurement positions as noise-free odd-
ometry, and add Gaussian noise to the displacement data.
The resulting dead-reckoning trajectory is then used for
initialization of the NLS optimizer. We first run the optimizer
using the data from Scenario 1. We represent, in Fig. 7,
the qualitative SLAM results obtained at different steps of
the optimization process. One can observe that the dead-
reckoning trajectory, shown in Fig. 7a, presents noticeable
drift. Yet, the plate dimensions are well recovered, which
illustrates the robustness of beamforming to localization

Scenario ‘ Optimization step ‘ Loc. error [cm] ‘ Map. error [cm]
1 | Initial | 450£0.63 | 1.42+£0.92
| Final | 1.14+£0.76 | 0.46+£0.06
s Initial | 5.09+£052 | 231+£1.43
\ Final | 237+£045 | 1.61+0.24

TABLE I: Means and standard deviations of the localization
and mapping errors in the two scenarios. These are calcu-
lated over 10 repetitions of the optimization process, after
randomly sampling the (simulated) noisy odometry data.

" — Loss — Loc. error

—— Loss at ground-truth 4 —— Map. error

Error [cm)]

! 1% I

0 10 20 30 40 50 0 10 20 30 40 50
Iteration Iteration

Fig. 8: Evolution of the GraphSLAM cost (left), the localiza-

tion and mapping errors (right) during the NLS optimization
when using the data from Scenario 1.
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Fig. 9: Evolution of the GraphSLAM cost (left), the localiza-

tion and mapping errors (right) during the NLS optimization
when using the data from Scenario 2.

errors. After convergence, the trajectory is seemingly well
estimated, as shown in Fig 7d. Fig. 8 shows the evolution of
the loss, the localization error, defined as the average error of
the estimated positions in the plate frame, and the mapping
error, defined as the average error on the plate dimensions.
One can see that the optimization process is efficient, as the
loss is substantially decreased until it becomes lower than
the loss evaluated at the ground-truth. Also, the localization
error is sensibly reduced, while the mapping error is slightly
decreased. After convergence, both localization and mapping
accuracies are better than lcm.

We run the same experiment for Scenario 2, and Fig. 9
shows the results of the optimization. One can see that
both localization and mapping errors are sensibly reduced,
until the accuracies become better than 2cm. To assess the
repeatability of our approach, we run it again 10 times in
each of the two scenarios, and randomly generate the noisy
odometry data. Table I shows the localization and mapping
errors, both at initialization and after convergence. One can
see that the achieved levels of accuracy remain consistent.

V. CONCLUSIONS

This paper presents a framework to solve the full SLAM
problem for an inspection robot relying on UGWs on a
metal surface. An observation model that can leverage multi-
order echoes is integrated, along with beamforming, within
a standard NLS optimizer. Experimental results show that
the designed observation model yields better localization
accuracy than a first-order echo model, and the proposed
GraphSLAM framework can achieve SLAM results with
centimeter accuracy, in a laboratory environment. In future
works, the proposed framework shall be further evaluated
in more realistic scenarios. Besides, a Non-Gaussian SLAM
approach, as in [16], could be integrated to better take into
account the uncertainty induced by the use of beamforming.
Last, other map features such as defects shall be included in
the map for a complete inspection task.
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