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Abstract
Purpose: Intraoperative ultrasound scanning is a demanding visuotactile task. It requires operators to simultaneously localise
the ultrasound perspective andmanually perform slight adjustments to the pose of the probe,making sure not to apply excessive
force or breaking contact with the tissue, while also characterising the visible tissue.
Method: To analyse the probe-tissue contact, an iterative filtering and topological method is proposed to identify the under-
lying visible tissue, which can be used to detect acoustic shadow and construct confidence maps of perceptual salience.
Results: For evaluation, datasets containing both in vivo and medical phantom data are created. A suite of evaluations is
performed, including an evaluation of acoustic shadow classification. Compared to an ablation, deep learning, and statistical
method, the proposed approach achieves superior classification on in vivo data, achieving an Fβ score of 0.864, in comparison
with 0.838, 0.808, and 0.808. A novel framework for evaluating the confidence estimation of probe-tissue contact is created.
The phantom data are captured specifically for this, and comparison is made against two established methods. The proposed
method produced the superior response, achieving an average normalised root-mean-square error of 0.168, in comparison
with 1.836 and 4.542. Evaluation is also extended to determine the algorithm’s robustness to parameter perturbation, speckle
noise, data distribution shift, and capability for guiding a robotic scan.
Conclusion: The results of this comprehensive set of experiments justify the potential clinical value of the proposed algorithm,
which can be used to support clinical training and robotic ultrasound automation.

Keywords Ultrasound · Probe-tissue contact · Acoustic shadow

Introduction

Intraoperative imaging is an important tool for surgeons in
decision-making during surgery. The low cost of ultrasound
(US) machines and the ease of integration into surgical set-
tings has led to enthusiasm for intraoperative ultrasound
(IOUS) [1]. However, the widespread adoption of IOUS has
been limited, and there remains great performance variability
between operators [2]. Becoming proficient in IOUS requires
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extensive training and hands-on experience, due to complex
visuotactile interaction, imaging artefacts, noise, machine
settings, and a lack of clear global anatomical key structures,
which can cause interpretation ambiguity.

One particularly challenging aspect is balancing opti-
mal probe-tissue contact and orientation, without causing
inadvertent pressure-related damage. Contact-related acous-
tic shadow (AS) can occur due to interposed gas or contact
breaking, which reduces image reliability through tissue
obscuration. This is particularly challenging in the case of
brain surgery [2].

Recent advances in IOUS have led to increased interest in
algorithmic analysis of US feedback. Some methods detect
shadows caused by bone [3, 4], calcification [5, 6], or gen-
eral probe-tissue interactions [7–9]. However, these methods
do not specifically examine probe-tissue coupling, which
is the focus of this work. Figure 1 presents an example of
where shadowing does not always equal poor contact. To
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Fig. 1 Sample annotations of
b-mode ultrasound images. The
red line delineates acoustic
shadowing secondary to poor
contact while the blue line
defines acoustic shadowing
related to other causes (in this
case echogenic blood clot in a
resection cavity)

address this limitation, the algorithm in [10–12] produces a
confidence map of signal attenuation, using a random walk-
based method. The limiting factor for the latter method is
the assumption that hyperechoic lines correlate with reduced
signal attenuation. However, this is not a well-generalised
assumption. In this work, we propose a method for identify-
ing and topologically representing visible tissue in US for the
detection of contact-related AS and confidence in perceptual
salience. Our contributions are as follows:

1. A method for identifying visible tissue within US images
is proposed, using iterative filters and topological repre-
sentation, that can be used for probe-tissue contact-related
AS detection.

2. A novel framework is proposed for the analysis of the
confidence estimate of ultrasound probe-tissue contact.

Methodology

Detection of tissue features

To detect areas of high spatial intensity variation, linear US
images I ∈ R

height×width are iteratively processed using
Gaussian filters, with a vertical bias, following:

G f = h1 ∗ G f −1,

h1 =
(
1/
√
2πσue

−u2/2σ 2
u

) (
1/
√
2πσve

−v2/2σ 2
v

)
,

σu >> σv,G1 = I

(1)

where G ∈ R
height×width denotes an output of the Gaus-

sian filter, f the iteration set, and σ the standard deviation
of the Gaussian filter stack. The image coordinates are u
and v, where v increases with signal depth along the scan
lines (image columns) that are perpendicular to the trans-
ducer at the top. TheGaussian smoothing is biased vertically,
as anatomical changes are more likely to be exposed in the
vertical direction. The function is linear and the iterative pro-
cessing is associative (G ∗ h1) ∗ h1 = G ∗ (h1 ∗ h1) and
therefore equal to a single convolution with a wider standard
deviation σ̂u ≈ √

f σu . Direct edge-detection methods (e.g.

Laplacian or Sobel) are not robust to noise and do not yield
a smooth response. Each output G f of the Gaussian filter
sequence is stacked and the standard deviation is taken for
each pixel across the stack following:

Su,v = Ĝ ∗

√√√√√√
∑len( f )+1

f=1

(
G f ,u,v −

∑len( f )+1
f =1 G f ,u,v

len( f )+1

)2

len( f ) + 1

(2)

where S ∈ R
height×width is the output of the standard devia-

tion. Ĝ is an extra smoothing filter for the standard deviation
output with σ = 1, to remove outliers.

Points with high spatial variation correspond to areas that
have been most affected by the smoothing process. Hence,
these points are separated by thresholding the standard devi-
ation output following:

χ = {(u, v) | Su,v ≥ γ }, γ = round(σu ×√len( f )) (3)

The γ formulation is elaborated in Sect. 4.2.2. Points of high
spatial variation are represented as a 2D point cloud χ.

To reduce the computational load for building the topology
and to remove outliers, the point cloud is sparsified utilising
an inverse Gaussian density map λ ∈ R

height×width follow-
ing:

λ = φ1 + φ2

(
1 − 1φ2×φ2

φ2
2

∗
(
h2 ∗ (S > γ )

)2

max
((
h2 ∗ (S > γ )

)2)
)
,

(4)

h2(u, v) = 1

2π σ 2
w

exp
(− u2+v2

2 σ 2
w

)
(5)

whereφ denotes theweighting parameters, 1φ2×φ2 is amatrix
φ2 × φ2 of ones, h2 is the Gaussian kernel, and (S > γ )

is a 2D binary array. The point cloud is then iterated over,
where Eq. 6 is repeated until all points are separated by their
corresponding λa distance threshold:

A := {a ∈ χ | ∃b ∈ χ, b �= a : dist(a, b) ≤ λa},
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χ −A := {a ∈ χ | ∀b ∈ χ, b �= a : dist(a, b) > λa} (6)

where a, b indexes elements in the point cloud set, and dist()
gives the Euclidean distance between two points (pixels).

To generate the topological representation of the visible
tissue, a Vietoris–Rips complex is then constructed on the
sparse point cloud, defined as:

� := {d ⊆ χ | ∀a, b ∈ d : dist(a, b) ≤ ε} (7)

where ε defines the maximum distance threshold. The
Vietoris–Rips complex method was chosen over alternatives
such as the Delaunay method because of its simplicity and
robustness to outliers.

Artefact detection and confidencemap generation

A2D simplex δ is made up of three points within the complex
�, whose pairwise distances all lie within the threshold ε; let
� ⊆ � be the set of all 2D simplices. For each scan line ξsl
(where sl ∈ [1 . . .width]), we assign a value of 1 (AS) or 0
(visible tissue). Contact-related AS is defined for a scan line
if the number of overlapping 2D simplices in � along that
line is below a specified threshold τ .

The confidence map is a pixel-wise quantification of the
perceptual salience, which represents the resolution and con-
trast of the detected visible tissue. A high score indicates
high-quality tissue contrast and resolution. For every pixel
in the image, the number of 2D simplexes that overlap is
counted, creating an occurrence map O . The confidence
map is constructed by taking the log of the occurrence map,
M̂ = log(O + 1).

Resources and evaluation setup

Intraoperative data

Data curation

For the AS classification, a data set containing 51 images
from 11 different patients was collected. The images were
sourced from routine pseudo-anonymised 2D US scans,
acquired in vivo during brain surgery, using a Canon i900 US
machine, using both a linear and a convex probe. The data
were retrospectively reviewed and annotated by a consultant
neuroradiologist experienced in neurooncological iUS. The
images exhibit varying degrees of AS artefacts secondary
to poor probe-tissue contact. The study had full local ethi-
cal approval from the HRA and Health and Care Research

Wales (HCRW) authorities1. For standardisation, all convex
images were linearised using a standard approach of taking
the inner trapezoid and interpolating. All linear images have
the shape 300 × 600. To reduce the influence of near-field
artefacts, the top 100 rows are cropped from all linearised
US images. This choice was based on observations from the
in vivo dataset and the maximum point where the near-field
artefacts, caused by factors that included sheathing, gel, and
cranial cavity interaction, ended.

For performance evaluation, threefold cross-validation
was used, and the data set is split into a seen and unseen
subset, with the division done on the patient level.

Speckle noise robustness evaluation setup

Speckle noise is the most prominent artefact, created by the
interaction of signals with biological tissue, which can cause
distortion of anatomical details and edges. As proposed in
[13], the observed US image I can be defined as the product
of the underlying clean image Î affected by multiplicative
ξm and additive ξa noise, given by:

I = Î � ξm ⊕ ξa (8)

where it is commonly assumed that ||ξa||2 � || Î � ξm ||2
[14]. Commonly, the additive term is ignored due to the lesser
impact. Assuming sampling from a generalised Gamma dis-
tribution (GGD) [15] with the probability density function
(pdf):

pZ (z)=γggd zγggdν−1

αγggdν�(ν)
exp
{
− z

α

γggd
}
, z ≥ 0, α, ν, γggd > 0

(9)

To demonstrate robustness to speckle noise, anatomical
edges such as bone or layered tissue is models as a square
wave Î :

Q(x) =

⎧
⎪⎨
⎪⎩

ql if x < a

qu if a ≤ x < b

ql if x ≥ b

, 0 ≤ ql � qu ≤ 255 (10)

where a, b are the transition time steps and ql , qu are the
lower and upper values. Consequently,

(ql � ξm ⊕ ξa) � qu and
|ql − (ql � ξm ⊕ ξa)| � |qu − ql |,

|qu − (qu � ξm ⊕ ξa)| � |qu − ql |,

1 Study title—US-CNS: Multiparametric Advanced Ultrasound Imag-
ing of theCentralNervousSystem Intraoperatively andThroughGaps in
the Bone, IRAS project ID: 275556, Protocol number: 22CX7609, REC
reference: 22/WA/0259, Sponsor: Research Governance and Integrity
Team (RGIT).
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which therefore indicates that artificial structures could
only be created by sampling from the extreme tail of pZ

P

( n⋂
i=1

{Zi > ẑ}
)

=
(∫ ∞

ẑ
pZ (z) dz

)n
, ẑ � 0, (11)

which is exponentially unlikely.
Experimental evaluation of the robustness of the algorithm

to speckle noise is performed by quantifying the topologi-
cal feature discrepancies when speckle noise is applied. The
speckle noise applied via Eqs. 8, 9, with the ν, γggd val-
ues varied within a range {1, 1.5, 2, 2.5, 3}, and sampled
from the GGD, using rejection sampling [16]. To evaluate
the topological difference, the q-Wasserstein distance (with
q = 2) is used to measure the discrepancies between persis-
tence diagrams, derived from the output point cloud [17–19].
This measures the topological perturbation under varying
noise influence. The q-Wasserstein distance can be defined as

Wq(D, D̂) = inf
ϕ:D→D̂

(∑
t∈D ||t − ϕ(t)||q∞

) 1
q [20], where

ϕ ranges over bijections between the two persistence dia-
grams D and D̂ (affected by speckle noise).Wq is normalised
for interpretability.

Classification evaluation and comparison setup

For the evaluation of the AS classification, the proposed
method (Topol) is compared to a statistical method that
uses the sum of the intensity of a scan line (Baseline1),
a statistical method that uses the change in the intensity of
the pixels (Baseline2) and a neural network VGG16 [21].
The Baseline1 method was motivated by [5, 6]. The use of
the VGG16 architecture was motivated by [9]. Baselline2
is used for the ablation study, the proposed method up to
the iterative filtering standard deviation. Confusion matrix
analysis is performed, where a positive classification is for

AS. The methods are ranked using Fβ = (1+β2)×PPV×T PR
β2×PPV+T PR

,
where PPV is a positive predictive value, and TPR is the true
positive rate β = 0.5 to prioritise precision over sensitivity.

The parameter tuning for Topol is done for each fold
using the seen subset exclusively. The best performing set
of parameters for Topol—found using a grid search—was
near identical across the 3 folds [ f = [2, 3, 4, 5, 6], σu =
1.8, σw = 20, φ1 = 15, φ2 = 20, ε = 60]. With the minor
exception of the Gaussian filter, folds 1 and 3 used σv = 0.2,
while fold 2 used σv = 0.3. The scan line threshold, to deter-
mine the AS, was constant for all folds τ = 2. Although the
parameters were chosen using a manually defined grid, this
process could easily be performed fully automatically using
any hyperparameter optimisation method.

Baseline1 individually classifies each scan line through
scan line summing, with a fixed threshold

∑300
i=1 ξsl,i <

κBaseline1 . The threshold is determined using a receiver
operating characteristic curve (ROC). For folds [1, 2, 3]
- κBaseline1 = [4900, 5000, 5500]. The ROC process
is repeated for Baseline2, where for folds [1, 2, 3] -
κBaseline2 = [325, 350, 350]. A deep learning method is
implemented to gauge generalisability given data limitations.
Linear probingwasusedwith a frozenpretrainedVGG16 fea-
ture encoder (ImageNet) with a trainable classification head,
where the outputs are the classification scores for each scan
line in the image. Training is performed for 10 epochs using
Sigmoid cross-entropy. Topol, Baseline1 and Baseline2,
were tuned using accuracy (ACC).

Parameters robustness is explored by individually perturb-
ing the calibrated parameters from fold 3 and measuring the
effect on the corresponding unseen data. For the parameter
study, a maximum perturbation of 20% was deemed suitable
for a valid robustness evaluation. The coefficient of variation
= 100× σpert

μpert
is used to measure the impact on performance.

Robotic setup

To extend the AS experiments, a robotic setup is created
using theAS output to guide a scanning process—parameters
from fold 1 were used. Specifically, AS detection is used to
control probe-tissue coupling during the landing, rotation,
and the tilting of the probe, optimising probe-tissue (by cor-
recting the in plane rotation through adjustment along the
longitudinal axis of the probe and centring the US imaging)
contact throughout the scanning process and probe manipu-
lation. The experiments were carried out using a seven DoF
DLR Miro [22], with a GE LOGIQ e US machine and a
GE 12L-RS linear US probe. The phantom is created using a
mixture ofGELITA®GELATINEType Ballistic 3withwater
and glycerine, with olives and blueberries added for echo
diversity [23].

Through Cartesian forward kinematics fkin : Q →
SE(3) | q �→ x = fkin(q), the pose of the US probe
x ∈ SE(3) can be represented as a function of the gener-
alised configuration coordinates of the robot q. A Cartesian
impedance controller [24, 25] can be constructed to control
a robot, by determining desired joint torques τ ∈ R

n .

τ = JT(q)[K (xd − x) + D(q)(ẋd − ẋ)], (12)

where x and ẋ are the current pose and velocity. This forms a
spring-damper systemwith stiffness anddampingparameters
K , D(q) ∈ R

6×6. Enabling control of pose xd and velocity
ẋd of a US probe. The geometrical Jacobian J(q) ∈ R

6×7

is given by ẋ = [v ω
]T = J(q)q̇.

m1 = 1

width

width∑
sl=1

(1 − ξsl), m1 ∈ [0; 1] (13)
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Fig. 2 Per frame average confidence vector outputs—x-axis = frames
and y-axis = average confidence. The blue lines show the method’s
outputs, Topol top, Randomwalk middle and DAG bottom row. The
black dotted lines are the scaled normal curve. The dotted red lines are

where the annotators perceived the best images. What can be observed
is that the output of Topol follows the desired trajectory, closer than
the other methods

m2 = 1

width/2

⎛
⎝

width∑
sl=width/2

ξsl −
width/2∑
sl=1

ξsl

⎞
⎠ ,

m2 ∈ [−1; 1], (14)

Two metrics are defined to measure the coupling—m1 is
the coverage of contact and m2 is the symmetry of contact.
These metrics can guide the scan by defining desired values
m1,d and m2,d and mapping the error to a desired Cartesian
velocity expressed in the probe’s coordinate frame, enabling
longitudinal correction of the contact.

ẋd =
[

vd,m

ωd,m + ωd,t + ωd,r

]

=
[

(m1,d − m1)
[
0 0 k1

]T
(m2,d − m2)

[
k2 0 0

]T + ωd,t + ωd,r

]
, (15)

with two gains k1 = 0.005 m/s and k2 = 0.05 rad/s. The
translation velocity is defined by vd,m , while the rotation
velocities are defined by [ωd,m,ωd,t ,ωd,r ]. Here, the probe
coordinate frame is defined so that the y-axis aligns with
the scanning direction, the z-axis with the longitudinal axis
of the probe and the x-axis orthogonal to both. The integra-
tion of Eq. (15) gives the desired pose xd . If no trajectory is
defined (ωd,t = ωd,r = [0, 0, 0]), so, for example, the probe
is landing or maintaining perpendicular contact. Using ẋd ,
the robot will automatically adjust the position of the probe

Fig. 3 Image feedback at different frames from scan 1—abdominal.
The optimal image is shown at frame 50

along the longitudinal axis until m1 = m1,d , and adapt the
orientation until (m2 = m2,d = 0). To perform rotation and

tilt,ωd,t = [0 ∗ 0
]T

andωd,r = [0 0 ∗]T accordingly, where
∗ is defined by the operator.

Medical phantom data

Data curation

Controlled evaluation of confidence is difficult, as optimal
scans may produce subpar images due to unavoidable factors
such as forced positioning, e.g., limited space within a cavity
or the location of the pathological tissue. Data were collected
for relative evaluation, which involved tilting the probe from
−90◦ > 0◦ (aligned with the normal of the tissue surface) >

+90◦ with respect to the normal vector of the tissue surface.
Data were captured using a Zonare Z.one US system with
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Fig. 4 Sample simplicial
complex outputs. These
complexes indicate areas of
significant spatial intensity
variation within the ultrasound
images. Areas where there are
dense complexes, correlate with
high confidence in tissue
visibility; correlating with a
confidence map output of higher
perceptual quality

Table 1 Scan line classification results from the intraoperative data

3F Avg Algo ACC T N R T PR PPV

Seen/Train Baseline1 0.87 0.88 0.86 0.86

Baseline2 0.88 0.91 0.85 0.90

VGG16 0.90 0.92 0.90 0.90

Topol 0.89 0.95 0.83 0.93

Unseen/Test Baseline1 0.84 0.81 0.89 0.79

Baseline2 0.87 0.85 0.87 0.83

VGG16 0.83 0.82 0.84 0.80

Topol 0.87 0.90 0.84 0.87

Apositive sample corresponds to a scan line affected byAS.Highlighted
in grey is the best score for each metric. The results have been averaged
over the threefolds
Bold text highlights the best result

a C4-1 transducer. Four scans were taken using the FAST /
acute abdomen Phantom. Scans 1 and 2 from the abdomen,
scan 3 from the rib cage, and scan 4 from the kidney. A
fifth scan was taken using a Kezlex brain phantom. Frames
were extracted at 10Hz. For generalisation evaluation of AS
classification, 449 frames are extracted and annotated.

Table 2 Rankings (R#) of the methods using the Fβ scores

3F Avg R1 R2 R3 R4

Seen/Train Topol VGG16 Baseline2 Baseline1

0.908 0.900 0.890 0.860

Unseen/Test Topol Baseline2 VGG16 Baseline1

0.864 0.838 0.808 0.808

The results are a product of averaging across the threefolds
Bold text highlights the best result

Confidence map evaluation and comparison setup

The proposed method is compared with the Randomwalk
[10] and DAG [26] methods, using their official codes and
default parameters. The Topol parameters tuned on fold 1 of
the AS classification were used for this experiment. Due to
the way the data were collected, the target confidence vector
is defined as a normal distribution across the frames. Based
on [27], mean(M̂) is used to determine the confidence in
the perceptual salience of the visible anatomy per frame.
The evaluation is performed using the normalised root-

mean-squared error, (N RMSE) =
√

1
n

∑n
i=1(Ti−T̂i )2

max(T )−min(T )
, T̂i =

mean(M̂i ), where T is the target confidence vector, the black
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Fig. 5 AS detection on two US
images. The top row shows the
annotation, the second is from
Baseline1, the third is from
VGG16 and the bottom is from
Topol. The orange areas are
detected AS

dotted lines in Fig. 2, fitted to the max/min of T̂ ; n is the
frame. Figure 3 is from scan 1. The best image is the middle
frame, and the black curve is representative of the assumed
confidence trajectory.To confirm this, annotationsweremade
to highlight the optimal frame range, highlighted with the red
dotted lines in Fig. 2.

Classification generalisability

To test the generalisability and performance of each algo-
rithm on out-of-distribution data, AS scanline classifica-
tion experiments were extended to phantom data (different
machine, anatomy and image texture). Each method was
evaluated three times, using the three sets of parameters
calibrated for the threefolds described in Sect. 4.2, and the
average results across the threefolds were recorded.

Results and discussion

The evaluation was carried out primarily using a Python
implementation; results are shown in Fig. 4. The method
was also implementedwithminimal optimisation using C++,
which ran at 20Hz, indicating real-time executability.

Noise robustness

The q-Wasserstein distances, after applying the set speckle
noise {1, 1.5, 2, 2.5, 3}×{1, 1.5, 2, 2.5, 3} for ν×γggd , mea-
sured an average result of 0.097. This result gives evidence of
the robustness of the topological construction under varying
speckle noise. The topological differences are largely uni-
form across all distributions.
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Table 3 Rankings (R#) of the methods’ performances on the general-
isability test on the probe pose analysis data, using the Fβ scores

R1 R2 R3 R4

Scan 1 Topol Baseline2 Baseline1 VGG16

0.923 0.842 0.807 0.694

Scan 2 Topol Baseline2 Baseline1 VGG16

0.920 0.883 0.789 0.740

Scan 3 Topol Baseline2 Baseline1 VGG16

0.833 0.789 0.745 0.377

Scan 4 Topol VGG16 Baseline2 Baseline1

0.891 0.847 0.797 0.753

Scan 5 Topol VGG16 Baseline2 Baseline1

250.830 0.777 0.686 0.643

For all scans, Topol achieves the best rank
Bold text highlights the best result

Acoustic shadow classification

The results are presented in Tables 1 and 2 where TNR is
the true negative rate. Outputs are shown in Fig. 5. Firstly, it

Table 4 Parameter perturbation, performance drift measured via coef-
ficient of variation values (%)

Parameter ACC TNR TPR PPV

f 0.431 1.928 2.204 1.749

σu 0.320 1.191 1.455 1.011

σv 0.455 2.380 2.290 2.151

γ 0.982 4.499 3.986 3.925

φ1 0.622 1.683 1.453 1.579

φ2 0.512 1.150 1.550 1.031

σw 0.358 0.277 0.635 0.347

ε 2.270 8.663 5.986 6.306

can be determined that Topol is the most robust method for
distribution shift with more consistent performance between
seen and unseen data. The results produced by Baseline1
show that overreliance on the raw pixel intensities leads to
oversensitivity. By producing results superior to Baseline1,
Baseline2 justifies the iterative filtering process, demon-

Fig. 6 Graphs displaying the effect of individually varying the parameters on the performance of the whole system—using the unseen fold 3 data.
Blue lines = ACC, orange lines = TNR, green lines = TPR and red lines = PPV
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Fig. 7 Top row shows the real
robot movement, the bottom
row shows the desired angular
velocities (trajectories)

strating that identifying areas of dynamic change is a strong
indicator of where there is AS. VGG16 shows achieves inad-
equate generalisation. From the Fβ ranks, it is conclusive that
Topol produces the ideal behaviour.

Generalisability study

The results of the phantom dataset experiments are shown in
Table 3. For all scans, Topol achieves the best performance.
The ranking of Baseline2 again highlights the advantage of
using the intensity change rather than the raw intensity. The
inconsistent performance of VGG16 highlights the unrelia-
bility of deep learning methods when only small datasets are
available.

Parameter perturbation study

The results of this experiment are shown in Fig. 6. It is
observed that the overall performance is only marginally
affected by individually drifting the parameters, with most
metrics remaining above 0.8. The coefficient of variation val-
ues (%) of the performance drift are shown in Table 4. This
is evidence of the robustness of the design of the algorithm,
as the performances do not vary largely under parameter
uncertainty. We note that the γ value that was decided was
initially based on intuition from the iterative filtering pro-
cess. In particular, calculating the overall standard deviation√
5 × 1.8 ≈ 4.02 yields a value close to γ=4. This result

suggests a potential correlation between the iteration and the
optimal threshold choice.

Robotics results

The sequence of robotic action is first the landing and sta-
bilisation of the probe on the phantom surface, followed
by a ±90◦ rotation, followed by a ±30◦ tilt. The actual
position and orientation, measured via the homogeneous
transformation matrix in the robot base frame, as well as the
corresponding position and orientation commands (desired
trajectories) of the probe, are shown in Fig. 7. Of the trans-
lation components, Z is of greatest interest, as the scan was
held on a single spot, and Z was the main translation for
correction. The real homogeneous transformations matrices
show that the robot correctly executed the motion without
large deviation. The AS results for [m1,m2] are shown in
Fig. 8. It can be determined that AS analysis enabled the
control framework to successfully anchor the contact to the
desired coverage and symmetry.

Confidencemap behaviour

Figure 2 shows that for all scans, the behaviour of Topol
is closer to what is expected. The range of T̂ values pro-
duced by Topol can also be considered more intuitive than
Randomwalk and DAG as the confidence starts near 0 and
peaks around 1. Quantitative analysis is also performed and
shown in Table 5, produced by measuring the NRMSE of
T̂ (blue line) versus T (black dotted line). For each scan,
the proposedmethod produces a significantly better NRMSE
score than the other methods.
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Fig. 8 Acoustic shadow
behaviour and optimisation for
robot scan

Table 5 Method’s NRMSE results are shown for each scan

Method Scan 1 Scan 2 Scan 3 Scan 4 Scan 5

Topol 0.18 0.13 0.28 0.14 0.11

Randomwalk 1.85 0.94 4.79 0.73 0.87

DAG 2.40 4.96 6.08 5.12 4.15

In all cases, Topol produces the best score
Bold text highlights the best result

Conclusion

This paper introduces a novel method for evaluating the
quality of US feedback. An evaluation of AS scan line clas-
sification and confidence behaviour has been performed. In
both cases, the proposed method outperforms the compared
methods. Further experiments show that this method is capa-
ble of guiding a robotic arm in performing an autonomous
scan. The explicit evaluation of US probe-tissue coupling
is vital for ensuring safe scanning. This method provides a
novel perspective on how this can be approached, creating
an avenue of future work which can be beneficial for both
robotic US and supporting trainee operators.
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