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ABSTRACT
Augmented Reality (AR) can assist Laparoscopic Liver Resection (LLR) by registering a preoperative 3D model with laparoscopic images. Evaluating the accuracy
of the registration methods requires measuring Target Registration Error (TRE).
Previous work evaluates TRE on simulated, phantom and animal data but not on
clinical data. Our contribution is a methodology for groundtruth acquisition using
Laparoscopic Ultrasound (LUS) in clinical LLR, two evaluation criteria, a fourpatient dataset and an evaluation of two existing registration methods. We acquire
groundtruth by first calibrating a LUS probe. During surgery, the LUS is coregistered with the laparoscope and its observations made transferable to 3D laparoscope
coordinates. We propose two evaluation criteria: an inclusion criterion and a measure of TRE. The inclusion criterion is binary: it is passed if and only if all the
LUS tumour profiles lie within the registration-predicted tumour augmented by the
oncologic margin of 1 cm. The TRE is computed as the average minimal distance between each LUS tumour profile and the registration-predicted tumour volume. The
average position error in our LUS registered images is estimated as about 1mm,
which is far better than the measured errors for the state-of-the-art registration
methods, making our dataset relevant for their evaluation. We ran a preliminary
evaluation of two registration methods. Both methods failed the inclusion criterion
for all the patients. The TRE measurements show that the registration-predicted
tumours are out of the 1 cm oncologic margin with reasonable standard deviation
over the dataset. We conclude that improvements in the accuracy of registration
methods is needed for accurate gesture guidance. Patients will be added to our
dataset; together with our methodology, they will form a benchmark for future registration methods. The dataset is available publicly at http://igt.ip.uca.fr/~ab/
code_and_datasets/datasets/llr_reg_evaluation_by_lus.
KEYWORDS
Computer-Assisted Intervention, Laparoscopic Liver Resection, Augmented
Reality, Target Registration Error, Ultrasound Probe Calibration

1. Introduction
Laparoscopic Liver Resection (LLR) is challenging because of the hidden intraparenchymatous structures. Augmented Reality (AR) is a promising assistance
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method, which works by registering a 3D model reconstructed from preoperative CT
onto the laparoscopic images. The registration must align and deform the preoperative 3D model adequately. Evaluating the registration quantitatively is challenging,
because groundtruth is not available in clinical conditions. Previous registration methods were thus only evaluated quantitatively on simulated, phantom and animal data.
We propose a methodology for the acquisition of groundtruth using Laparoscopic Ultrasound (LUS) in clinical LLR, an initial dataset for four patients, two evaluation
criteria and a preliminary evaluation of two existing registration methods.
Research in computer-aided laparoscopy mainly concerns 3D reconstruction (MaierHein et al. 2014) and preoperative 3D model registration, which is a requirement to
enable AR. It is especially challenging in LLR, because the liver has a high degree
of deformation. The existing solution methods deform the preoperative 3D model to
fit the target laparoscopic images under biomechanical constraints (Adagolodjo et al.
2017; Koo et al. 2017; Haouchine et al. 2016; Robu et al. 2018).
Evaluating the technical performance of the registration methods requires one to
measure a Target Registration Error (TRE). Ideally, this would be the discrepancy
between the actual location of an intraparenchymatous tumour and its prediction by
the registration. Previous work uses four types of evaluation setups. The first type is
the in-silico setup, which involves a simulated surgical setup. The second type is the
phantom setup, which is a physical replica of the organ that is typically 3D printed. The
third type is the animal setup, which uses animal parts (hence, ex-vivo) or live animals
(hence, in-vivo). The fourth type is the clinical setup, involving real surgical data. Each
type of setups has pros and cons, in terms of realism and complexity. Clearly, none
of the first three types may replace a full-fledged evaluation in clinical conditions,
which appears as the ultimate evaluation setup. However, owing to the difficulty of
measuring the groundtruth location of intraparenchymatous structures, previous work
has not reported any TRE measurements in clinical conditions. Instead, the results in
clinical conditions are typically qualitative (Adagolodjo et al. 2017; Haouchine et al.
2016; Koo et al. 2017; Robu et al. 2018) or represent a Fiducial Registration Error
(FRE) (Thompson et al. 2018), which is known to underestimate TRE. In addition,
most datasets are kept private, which does not allow the comparison of methods on
standardised grounds. Table 1 summarises the public datasets. We observe that there
does not exist a dataset with groundtruth for the position of intraparenchymatous
structures obtained in clinical conditions. Our goal in this paper is to describe a
methodology and preliminary results towards fulfilling this need in LLR.
Table 1. Public datasets with ground-truth. The last column indicates if a standardised evaluation criterion
and script are provided.
Dataset

Data type

Groundtruth

Landmarks

Script

Maier-Hein et al. (2014) (Open-CAS)
DePoLL (Modrzejewski et al. 2019)
Suwelack et al. (2014) (Open-CAS)
Proposed

Ex-vivo animal
In-vivo animal
In-silico & phantom
Clinical

3D reconstruction
Registration
Registration
Registration

External
External & internal
External & internal
Internal

Yes
Yes
No
Yes

We bring five main contributions. First, we propose a complete framework for data
collection, with LUS probe tracking and calibration, from which LUS observations
are transferable to 3D laparoscope coordinates. Second, we extend a reference US
calibration method to include the optimisation of camera poses and reprojection error.
Third, we propose a novel calibration phantom design which outperforms previous
ones, by modelling and minimising the effect of uncertainty. Fourth, equipped with the
above framework and methods, we propose the first clinical dataset with groundtruth
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location obtained from LUS for intra-parenchymatous structures in LLR. Fifth, we
propose criteria to evaluate TRE for these structures when predicted from preoperative
image data and an evaluation of existing augmented reality methods. Our dataset and
evaluation script form the first means to evaluate preoperative data registration in
LLR and in laparoscopy in general. They were made publicly available for the benefit
of the research community
The paper starts with a review of previous work in section 2, followed by the proposed method in section 3, data collection and experimental results in section 4 and
conclusions in section 5.

2. Previous Work
Registration evaluation. TRE is the commonly agreed evaluation metric in registration problems. However, there is a lack of datasets for its computation in clinical
LLR, mostly because localising the target intra-parenchymatous liver structures is
challenging. Existing work (Plantefève et al. 2016; Koo et al. 2017; Haouchine et al.
2016) use in-silico evaluation, which suffers from lack of realism of the organ biomechanics and numerical approximations in biomechanical simulations. Espinel et al.
(2020) use a fabricated phantom, which also suffers lack of realism. Thompson et al.
(2018); Modrzejewski et al. (2019) propose ex-vivo and in-vivo evaluations on animals.
In (Modrzejewski et al. 2019), metal markers are placed on the organ and used for
TRE computation. It is a valuable effort because the animal organs are more realistic than phantoms. However, the conditions of LLR performed on animals remain
different in terms of organ access and visibility, and organ anatomy compared to LLR
performed on humans. Thompson et al. (2018) propose an evalution on patient data.
They however do not compute TRE. Instead, they measure the visible misalignment,
whose correlation to the real TRE is debatable. There was another attempt to evaluate liver registration in (Clements et al. 2016), in the context of open surgery. In
this case, the inner organs are not occluded, and the authors could use a laser range
scanner to produce an intraoperative 3D model of the liver, to which they registered
the preoperative 3D model obtained by segmenting CT scans (Dumpuri et al. 2010;
Cash et al. 2007, 2003). For evaluation, they used US images which are coregistered
with the intraoperative model. The US probe was tracked using optical trackers. Using laser range scanners and optical trackers is not possible in laparoscopic surgery
because one cannot infer the relative pose between these devices inside the abdomen
from the outside pose. The evaluation was done using the mean closest-point distances
between the feature contours from the intraoperative US images and the preoperative
model, which represents an oversimplification of the TRE.
Having ground-truth of the hidden intra-parenchymatous structures at disposal in
real surgery conditions is yet highly desirable. These data can only be acquired during
surgery. Bernhardt et al. (2015) used intraoperative CT registered to laparoscopic
images. However, they did not evaluate their groundtruth accuracy, neither did they
publicly release a dataset and evaluation methodology.
LUS probe tracking. Several methods were proposed to localise and track medical
devices in laparoscopic surgery. Liu et al. (2014); Cheung et al. (2010); Hayashi et al.
(2015) use electromagnetic trackers. However, this technology is not well adapted
to the operating theatre because of the presence of ferromagnetic objects distorting
the electromagnetic field and leading to localisation errors (Poulin and Amiot 2002).
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Optical trackers are also used (Cenni et al. 2016; Carbajal et al. 2013; Poon and
Rohling 2005; Wang et al. 2018). They are accurate and commercial solutions are now
available. However, they are not suitable for obtaining the LUS probe head pose in
our context. Indeed, the LUS probes used in LLR are generally articulated, as their
head is mechanically controlled by the surgeon and, being located inside the cavity,
kept invisible from the tracker.
LUS probe calibration. The general US calibration problem is to compute the location of each US pixel in some probe coordinate system. A thorough review of the
literature was conducted (Mercier et al. 2005; Hsu et al. 2009). Calibration methods
use dedicated phantoms whose geometry must be known with high precision. The
phantom must include two key features. First, they must allow one to coregister the
phantom and the US probe, for example by means of checkerboards usable in pose
computation. Second, they must provide sharp signal changes in the US image, for example by means of wires visible in the US plane. The calibration methods mainly differ
in terms of phantom shapes, including for example points, wires and planes. The existing methods lack a systematic evaluation of the uncertainty and design optimisation
towards optimal calibration results.

3. Proposed Evaluation Methodology and Data Collection Methods
We acquire groundtruth using LUS, which we coregister with the laparoscope, as
shown in figure 1. For that, we use a printed checkerboard sticker on the distal end of
the LUS probe, defining the LUS coordinates. Our setup has three main steps. First,
we reconstruct a 3D model of the sticker. Second, we calibrate the probe using a 3D
printed phantom inspired by (Lasso et al. 2014). Third, we compute the LUS pose,
which is the transformation between the laparoscope and the LUS probe.
The 3D reconstruction of the probe head sticker uses SfM (AliceVision-Meshroom
2021) with a high end camera. The image checkerboard corners are manually found
and refined to subpixel accuracy (Bouguet 2000). The corners 3D positions are then
computed by triangulation (Hartley and Zisserman 2003). Both camera poses and
corners 3D positions are refined by bundle adjustment (Hartley and Zisserman 2003).
3.1. Probe Calibration
The setup used for probe calibration is shown in figure 2a. We use a high end camera to
film both the probe head and the phantom. A planar checkerboard of known geometry
is stuck on the phantom. Images are acquired from viewpoints ensuring that the probe
head and the checkerboard are both visible and can thus be coregistered.
We consider a 3D point of phantom coordinates Xph lying on the US plane. The

>
point has US image pixel coordinates uus , vus
and US probe coordinates Xus =

>
sL uus , 0, sA vus , 1 , where sA and sL are the pixel-to-meter scale factors. The US
probe y-axis is chosen normal to the US plane. We denote a rigid transformation from
coordinates a to coordinates b as Tab . We thus write Xph as:
−1 pr us
Xph = (Tph
ca ) Tca Tpr Xus ,

(1)

pr
where Tph
ca and Tca are the poses of the phantom and the probe respectively in camera
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Figure 1. Overall methodology for groundtruth acquisition and registration evaluation.

coordinates, which are estimated from the imaged checkerboard corners. We use the
phantom proposed in (Carbajal et al. 2013), shown in figure 2b, which includes N-wires
structures. The wires intersect the US plane in points which appear as blobs in the
US image. Equation (1) shows that we can calibrate the probe, namely compute sA ,
sL and Tus
pr , from a set of point correspondences {(Xph , Xus )}. This forms a nonlinear
optimisation problem over sA , sL and Tus
pr . An initialisation is computed in closed-form
from 3 point correspondences (Boctor et al. 2004). The initialisation is then refined,
following (Carbajal et al. 2013), by minimising the nonlinear least-squares cost:
IPE =

N X
X

ph −1 pr us i,j 2
kXi,j
ph − (Tca ) Tca Tpr Xus k ,

(2)

i=1 j∈Mi

over Tus
pr ,sA and sL , where IPE stands for in-plane-error, i ∈ [1, N ] is the image index,
Mi the wire indices whose intersection can be reliably extracted in the US image i
and Xi,j
us the coordinates of the 3D point intersection of the US image i with the wire
j. This method does not take the uncertainty of camera poses into account.
We propose an extension of the above optimisation which includes the refinement
of the camera poses while introducing two additional cost terms formed by the repro-
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Figure 2. Ultrasound probe calibration and pose estimation; CS stands for ‘coordinate system’.

jection errors associated to the checkerboard corners:
α

N X
X
i=1 j∈Li

j
i,j 2
kf (KTpr,i
ca Opr ) − oca k + β

N X
X

j
i,j 2
kf (KTph,i
ca Qph ) − qca k + IPE,

(3)

i=1 j∈Pi

where Li and Pi are the indices of the probe and phantom imaged checkerboard
corners respectively extracted in image i; f ([u, v, w]> ) = [u/w, v/w]> is the canonical
perspective projection modelling the camera; K is the camera calibration matrix; Tpr,i
ca
j
and Tph,i
ca are the probe and phantom poses respectively in camera coordinates, Opr and
Qjph are the 3D coordinates of the corners for the probe and phantom checkerboards
i,j
respectively; oi,j
ca and qca are the imaged checkerboard corners for the probe and the
phantom respectively, and α and β are hyperparameters fixed empirically to α = 2.73
pr
and β = 2.92. The initial estimates for Tph
ca and Tca are obtained using EPnP (Lepetit
et al. 2009). The optimisation is performed using Levenberg-Marquardt.
The proposed solution with camera pose refinement outperforms the original solution of minimising IPE on its own. Results are shown in table 3 and discussed in
section 3.3.

3.2. Phantom Design Evolution with Improved N -wires Configurations
The geometry of the phantom proposed by Carbajal et al. (2013) allows one to easily
customise the wire configuration. We use this property to design new wire configurations which better constrain the calibration solution. For that, we propose to propagate and minimise uncertainty. The values of the first two terms in equation (3) are
independent of the wire configuration and we thus consider the IPE term (2) only.
Concretely, we study uncertainty propagation for a single acquisition, referred to as
US plane pose estimation in the sequel, which is the problem of finding the US plane
pose which best models the location of the wire intersections in the US image. A wire
configuration minimising uncertainty in the estimation of Tus
pr for a single image is
expected to also reduce it for an image collection and therefore to produce improved
US probe calibration.
6

Figure 3 shows how uncertainty propagates in US probe calibration. We denote
by Bi the exact intersection location of wire i in the US image. We assume that the
wire extraction uncertainty follows an additive i.i.d. bivariate normal distribution with
zero-mean and covariance matrix ΣB :
B
∆B
i ∼ N (0, Σ )

ΣB =

 2

σB,A
0
,
2
0
σB,L

(4)

2
2
where σB,A
and σB,L
are the axial and lateral variances. We also model the uncertainty
on the wire endpoints, which is induced by the limited 3D printing resolution of the
phantom and wire bending effects near the phantom holes. Let Wi be the vector of
endpoint coordinates of the wire i:

>

Wi = X1,i , Y1,i , Z1,i , X2,i , Y2,i , Z2,i .

(5)

We assume that the endpoint uncertainty follows an additive i.i.d. multivariate normal
distribution with zero-mean and isotropic covariance matrix ΣW :
W
∆W
i ∼ N (0, Σ )

2
ΣW = σW
I6×6 .

(6)

We propose to propagate uncertainty through the US plane pose estimation from the
wire intersections extracted in the US image. Let P be the vector of parameters of the
US plane pose:
P = [θx , θy , θz , tx , ty , tz ]> ,

(7)

where [θx , θy , θz ]> are the Euler angles of the rotation and [tx , ty , tz ]> the translation.
The plane pose estimation is performed by minimising the IPE cost (2). We assume
that the uncertainty of the output:
W
∆P = g(Bi + ∆B
i , Wi + ∆i ) − g(Bi , Wi ),

(8)

follows an additive multivariate normal distribution ∆P ∼ N (µ, ΣP ), where g is the
pose function, taking as inputs the wire intersections {Bi }i∈Mi in the US image and
the wire endpoints {Wi }i∈Mi and providing as outputs the plane pose P minimising
the IPE cost (2). Our objective is to find a wire configuration minimising the output
uncertainty ΣP .
Pose function g

Figure 3. Propagation of uncertainty the US calibration phantom.

Concretely, we find wire configurations that minimise the generalised variance |ΣP |,
namely the determinant of the covariance matrix ΣP , which is a common measure
in uncertainty propagation (Wilks 1960). We propose to estimate ΣP using a Monte
7
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Figure 4. The five evaluated wire structures in the US calibration phantom design (the axes are in mm)

Carlo approach (Ogilvie 1984). The principle is to generate input samples randomly
following their distributions, perform the deterministic plane pose computation and
infer the parameters of the output distribution from the output samples. Concretely,
we use 1000 input samples with σB,A = σB,L = 0.45 mm and σW = 0.5 mm. These
values were chosen empirically based on observations made during our experiments.
The computed output samples allow us to find the mean, variance and covariance for
each of the six outputs, giving ΣP and finally, the sought |ΣP |.
We tested five wire configurations, labelled (a) to (e), shown in figure 4. The first
three ones (a-c) are typical stacked N-Wires with three, four and five layers respectively, inspired from (Carbajal et al. 2013). The fourth and fifth structures (d,e) are
proposed by us: they differ from the first three mainly in the fact that they show slant
over two dimensions of the 3D space, namely in the x and z directions rather than
in the x direction only. An N-wire pattern is always present, to facilitate plane pose
initialisation, as described in section 3.1.
The plane pose uncertainty computed for each of the five structures are given in table
2. For the first three structures (a-c), this shows that, as expected, adding layers to a
typical stacked N-wire structure decreases pose uncertainty. The uncertainty strongly
drops, from 9.7351 to 0.0032. The last two configurations (d,e) show the lowest output
uncertainty, namely 0.0015 and 0.0003. The calibration evaluation of section 3.3 and
the dataset acquisition of section 4 use configuration (d). This is because we discovered
configuration (e) only after data acquisition was completed.
3.3. Validation of the Calibration and Data Acquisition Setup
We evaluated our data acquisition setup in realistic conditions, nearly identical to LLR
in terms of hardware and laparoscope-to-probe distance varying within [10, 15] cm. A
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Table 2. Pose uncertainty statistics (mm and deg) computed for the five structures of figure 4.
Id
a
b
c
d
e

X
Mean
-0.064
0.032
0.026
-0.017
0.006

Uncertainty in position
Y
Z
STD
Mean
STD
Mean
STD
1.8
0.005
3.6
0.179
1.7
1.1
-0.109
2.8
0.094
1.2
0.9
-0.084
2.2
0.074
0.8
0.8
-0.016
2.4
0.026
0.8
0.6
-0.026
2.2
0.068
0.8

α
Mean
-0.051
0.089
0.001
-0.025
0.004

Uncertainty in
β
STD
Mean
3.4
0.023
2.2
0.019
1.8
-0.020
1.5
0.002
1.0
0.005

orientation
|ΣP |

γ
STD
0.6
0.4
0.3
0.3
0.4

Mean
-0.125
-0.113
-0.077
-0.002
-0.031

STD
3.5
2.4
1.7
1.9
1.9

9.7351
0.0636
0.0032
0.0015
0.0003

laparoscope was used to acquire optical images of the calibrated LUS probe. The probe
acquires US images of a cross-wire phantom, similar to the one used for calibration
but with wire-crossing points of known location to be used as landmarks. During the
acquisition, the probe was positioned to make the wire-crossing points visible in the
US image. The proposed evaluation measures the deviation between the groundtruth
and the calibration-predicted landmarks in US pixel coordinates. The predictions are
obtained by chaining the probe pose T̂pr
ca found from EPnP with the calibration results
us
T̂pr , ŝA and ŝL .
Concretely, the location of the wire-crossing points X∗ph used as ground truth are
∗
transferred from phantom coordinates to camera coordinates as X∗ca = Tph
ca Xph , where

Tph
ca is obtained from a checkerboard attached to the phantom, as for prior probe
calibration. The location of the wire-crossing points extracted in the US image are
us
transferred to camera coordinates using Xca = Tpr
ca T̂pr X̂us . The final error, which is
the discrepancy between the measured and predicted points, is then  = kXca − X∗ca k2 .
This represents an upper bound on the real error, as the poses Tph
ca are estimates and
thus subject to noise. We performed and evaluated three independent probe calibrations. For each calibration, the proposed evaluation was performed. Each evaluation
involved 20 images with different probe poses and various wire-crossing point depths
in the US images. We report statistics on  in table 3, along with the error components over the US axial, lateral and out-of-plane directions. For comparison purposes,
we report the same statistics for calibrations obtained with the existing IPE-based
optimisation (Carbajal et al. 2013). Figure 5 shows the error distribution for one calibration over the US image; the other calibration runs have a similar error distribution.
This distribution was obtained by interpolating from the error measured at the wirecrossing points over the entire US image. We use the inverse distance weighting method
for interpolation.
We can draw two important observations from these results. First, the calibration
errors are in the order of 1 mm. Hence, the proposed setup is suited for the evaluation
of state-of-the-art registration in LLR, as 1 mm represents between 3% to 12% of the
registration errors, as given in table 4. Second, they show that our calibration method
outperforms (Carbajal et al. 2013). Hence, there is a benefit in fine-tuning the probe
and phantom poses.
The measured error depends on both LUS calibration and pose estimation. Pose
estimation is known to be more susceptible to error along the camera axis. In our
tests, in order to have a better view of the LUS probe checkerboard, the laparoscope
was pointed towards the side and top of the LUS probe and hence the EPnP-induced
error is projected dominantly in the axial and out-of-plane directions. It is in agreement
with the results in Table 3.
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Table 3. Error statistics (mm) for the proposed calibration method and the method in (Carbajal et al. 2013).
Total error

Method

1st calibration
2nd calibration
3rd calibration

Proposed
Carbajal et al. (2013)
Proposed
Carbajal et al. (2013)
Proposed
Carbajal et al. (2013)

(a) Total error

Avg. directional error

Avg.

STD

Min

Max

Lateral

Axial

Out-of-plane

1.26
1.37
0.71
1.30
1.44
1.55

0.29
0.41
0.20
0.25
0.47
0.46

0.73
0.50
0.25
1.01
0.95
0.66

1.78
2.30
1.03
1.86
2.27
2.34

0.42
0.52
0.15
0.63
0.58
0.54

0.71
0.80
0.40
0.82
1.27
1.30

0.83
0.81
0.49
0.76
0.24
0.60

(b) Axial error

(c) Lateral error

(d) Out-of-plane error

Figure 5. Interpolated error distribution (mm) over the US image for the 2nd calibration run.

4. Evaluation Criteria, Dataset and Registration Evaluation Results
In AR assisted LLR, the registration method predicts the tumours in laparoscope 3D
coordinates, from the preoperative 3D model and intraoperative laparoscopic images.
We discuss two evaluation criteria for this prediction, the proposed dataset and an
evaluation of existing registration methods.
4.1. The Inclusion Criterion
We propose a binary inclusion criterion which is positive (hence, passed) if and only
if registration-predicted tumour augmented by the typical oncologic margin of 1 cm
contains all the LUS tumour profiles. Specifically, for image i, i ∈ [1, N ], over a total
of N images, we define the predicted tumour volume Ti , the augmented volume Tia
and the LUS tumour profile transferred to laparoscope coordinates Pi . The inclusion
criterion is then:
IC = (P1 ⊂ T1a ) ∧ · · · ∧ (PN ⊂ TNa ) .

(9)

The inclusion criterion must be met for precision surgical guidance. It is however difficult to pass and does not bring much quantitative information on the actual precision,
especially if failed, as opposed to TRE. The inclusion criterion must be met for precision surgical guidance. The rationale for it is as follows. Using augmented reality as the
primary method of resection guidance means that the surgeon resects a volume containing Tia . For a successful R0 resection comprising all malignant tissues, the part Pi
detected as malignant by LUS must thus be included in the resected volume, hence in
Tia . This directly leads to the above definition of the inclusion criterion, as the conjunction of the inclusion of each LUS profile in the corresponding registration-predicted
volume. The inclusion criterion is difficult to pass. Failure is to be interpreted as the
unreliability of the registration-predicted tumour volume, in the sense that trusting it
for resection would involve that malignant tissue could be left behind. The inclusion
10

criterion is thus a fundamental safety criterion, which must be passed for a method
to be used in clinical practice. It does not bring much quantitative information on the
actual precision, especially if failed, as opposed to TRE. The latter however does not
allow a registration method to qualify for safe clinical practice. The inclusion criterion
and TRE are thus complementary.
4.2. The Target Registration Error
We propose to estimate TRE from the groundtruth obtained from LUS. We define
TRE as the average over the tumour volume of the deformation field φi : R3 → R3
that exists between the LUS and registration-predicted tumours:

Z
N
1 X
1
R
kφi (X)k22 dX,
TRE =
N
dX
∂Pi
∂Pi

(10)

i=1

where ∂Pi is the boundary curve of Pi . This integral cannot be solved analytically and
we thus discretise it by sampling ∂Pi with Mi points {Pij }:
Mi
N
X
1 X
1
TRE ≈
kφi (Pij )k22 ∆Pij ,
PMi
N
j=1 ∆Pij
i=1

(11)

j=1

where ∆Pij = kPi(j+1) − Pij k2 . Without loss of generality, we assume evenly spaced
discretisations with M1 = · · · = MN = M and ∆Pi1 = ∆Pi2 = ... = ∆PiM = ∆Pi :
TRE ≈

N
M
N M
1 XX
1 X 1 X
kφi (Pij )k22 .
kφi (Pij )k22 ∆Pi =
N
M ∆Pi
NM
i=1

(12)

i=1 j=1

j=1

We assume that the deformation field is kept constant during data acquisition, hence
φ1 (X) = φ2 (X) = ...φN (X) = φ(X). We break it down into two additive fields as
φ(X) = ρ(X; R, t) + (X), with a rigid field ρ(X; R, t) which explains the overall
discrepancy by a rotation R and translation t in the vicinity of the tumour, and a
residual field (X). With this decomposition, we can obtain the deformation field using
an Iterative Closest Point (ICP) method following (Beasley et al. 1999) to estimate
R, t. Introducing the closest point Tij to RPij + t, we minimise the energy:
E =

N M
N M
1 XX
1 XX
k(Pij )k22 =
kφ(Pij ) − ρ(Pij )k22
NM
NM
i=1 j=1

=

i=1 j=1

N M
1 XX
k(Tij − Pij ) − (RPij + t − Pij )k22
NM

(13)

i=1 j=1

=

N M
1 XX
kTij − (RPij + t)k22 .
NM
i=1 j=1

We give pseudo-code for our method in algorithm 1. The rigid field is initialised to an
identity rotation and the average displacement of the centre of gravity, represented by
operator cog, for the translation. We then alternate the computation of closest points
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given the rigid field and update of the rigid field given the correspondences as the
closest points. The update is solved by Horn’s closed form solution (Horn et al. 1988)
to minimise E . Convergence is determined by thresholding the incremental average
closest points displacement by a small constant taken as 1 × 10−3 mm.
The metric computed here is a specific implementation of TRE. We develop this
implementation from the most general definition of TRE, with the help of assumptions
based on the nature of our ground-truth data. As the metric is computed between volumes and profiles by finding closest-point correspondences, this implementation could
be named Closest-Point-Volume-Profile TRE. To keep it short, we however simply
refer to it as TRE.
Algorithm 1: TRE estimation
PN
Set R0 ← I3×3 , t0 ← N1 i=1 (cog(Ti ) − cog(Pi )) and k ← 0
repeat
Set Tijk ← closest point on Ti to Rk Pij + tk , i ∈ [1, N ], j ∈ [1, M ]
Set k ← k + 1
Set (Rk , tk ) ← arg minR,t E
until convergence
PN PM
Set TRE ← N1M i=1 j=1 kTijk−1 − Pij k2

4.3. Clinical Dataset
Our dataset currently includes LLR procedures in four patients with one tumour each.
The data collection is supported by an ethical approval with ID IRB00008526-2019CE58 issued by CPP Sud-Est VI in Clermont-Ferrand, France.
For each patient, it contains four key elements, illustrated in figure 6: (a) a preoperative CT, (b) a preoperative 3D model of the liver shape and its inner tumours
obtained by manual segmentation of the CT made by an experienced surgeon, (c) a
set of intraoperative laparoscopic images and (d) corresponding LUS images acquired
synchronously. The laparoscopic images show the anterior liver, completely or partially. The tumours were segmented by an experienced surgeon in each LUS image
and are provided as binary masks. The dataset also includes all the data related to
probe calibration and pose estimation. Our Matlab implementation is provided, which
produces the groundtruth and computes the two evaluation criteria. It thus facilitates
the evaluation of any custom registration method.
4.4. Evaluation Results and Discussion
We evaluated two existing registration methods (Adagolodjo et al. 2017; Koo et al.
2017) over the complete proposed dataset with the two proposed criteria. Figure 7a
shows an example registration-predicted tumour from method (Adagolodjo et al. 2017)
coregistered with the LUS groundtruth profile. Figure 7b shows an example AR result
for visualisation purposes only, showing the registration-predicted tumour and LUS
plane augmented in the laparoscopic image.
Table 4 summarises the evaluation results. Both methods failed the inclusion criterion for all four patients. This is not surprising since the criterion is difficult to meet
and these methods only use one image to solve registration, hence are prone to high
registration uncertainty. TRE shows that both methods are more accurate for patients
12

(a) Preoperative CT

(b) Preoperative 3D model

(c) Laparoscopic images

(d) Segmented LUS images

Figure 6. Dataset composition for each patient.
Table 4. Evaluation results for two existing registration methods and tumour depth (the unit is mm).
Patient 1

Adagolodjo et al. (2017)
Koo et al. (2017)
Tumour depth

Patient 2

Patient 3

Patient 4

Overall

IC

TRE

IC

TRE

IC

TRE

IC

TRE

IC

TRE

Fail
Fail

8.25
9.49

Fail
Fail

37.25
38.95

Fail
Fail

28.40
25.04

Fail
Fail

15.83
18.35

0 of 4
0 of 4

22.43
22.95

6.61

11.53

18.62

1.31

Avg: 9.52

1 and 4. This is explained by the tumour being more superficial than in patients 2 and
3. Overall, method (Adagolodjo et al. 2017) outperforms method (Koo et al. 2017) by
a slight margin.
In both methods, the registration is constrained using anatomical landmarks. It can
thus be expected that the regions near these landmarks are less prone to errors than
away from them. The deep tumours are located in the posterior part of the liver, which
is located far from the observable landmarks, and can thus undergo a higher TRE, as
consistently reflected in the experimental results.

5. Conclusions
We have proposed the first methodology to evaluate preoperative data registration in
LLR quantitatively, with the key idea of collecting groundtruth tumour positions using
LUS. For that, we have proposed a complete methodology, involving LUS probe calibration and colocalisation with the laparoscope. We have used a calibration phantom,
for which we have proposed new designs, following a principled statistical uncertainty
modelling. We have validated groundtruth acquisition in realistic lab experiments,
showing an accuracy upper-bounded by 1 mm, hence perfectly compatible with the
evaluation task at hand. Equipped with this methodology, we have collected a dataset
of four LLR procedures and proposed two evaluation criteria, which we have used to
perform an evaluation of two existing AR methods. The proposed methodology and
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dataset form a step toward standardising the quantitative evaluation of computerassisted laparoscopy. Future work includes additional data collection and evaluation
of additional existing registration methods such as Modrzejewski et al. (2019).
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(a) Registration-predicted tumour (mesh)
and LUS tumour profile (planar surface),
units are mm

(b) Laparoscopic image with registrationpredicted tumour (red) and LUS plane
(cyan)

Figure 7. Sample registration result with coregistered LUS groundtruth.
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