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ARTICLE INFO ABSTRACT

Background: In minimally invasive surgery, the main challenge is precisely locating the target during the in-
tervention. For abdominal intervention, one of most important factors causing target motion is breathing. The
aim of the study is to efficiently predict target localization during the respiratory in breathing cycle.

Method: Analysis of target registration error (TRE) for the registration circuits method was used to find the
breathing phase corresponding to the preoperative Computed Tomography spatial configuration. Then, Elastic
Body Spline (EBS) for modeling deformation field and Particle Swarm Optimization method were used to find
the desired values of EBS parameters: « and stiffness were used.

Results: The proposed methodology was verified during experiments conducted on 21 patients diagnosed with
liver tumors. This ability of TRE reduction has been achieved for the respiratory phases founded in registration
chain analysis.

Conclusions: The proposed method presents the usability of spatio-temporal analysis of collected real breathing
data in order to estimate the position of a target during the respiratory cycle. This method has been developed to
perform operations in real-time on a standard workstation.

Keywords:

Reduction of target registration error
Breathing motion

Registration circuits

Elastic body spline

Deformation field

1. Introduction

In minimally invasive intervention, one of the main challenges is
precisely locating the pathological tissue during the intervention.
Image-based navigation systems are used to utilize knowledge about
the patient's anatomy, acquired on the basis of diagnostic images,
during patient therapy. Given the current state-of-the-art, the location
of the pathological lesion can be effectively estimated for rigid struc-
tures. However, it is a challenge for parenchymal structures [1-4].

The first stage of using the image navigation system is to prepare the
patient's anatomical model based on pre-operative images. For this
purpose, 3D contrast enhancement Computed Tomography (CT) or
Magnetic Resonance Images (MRIs) are usually used. The use of con-
trast is necessary to effectively differentiate focal lesions. In the case of
radio therapeutic protocols, the 4D CT or MRI series are used, which
additionally contain information on the mobility of organs and focal
lesions during the respiratory cycle. The use of image segmentation
algorithms completes this stage, allowing the creation of a personalized
anatomy model of the patient containing labels of the segmented ana-
tomical structures and pathological changes relevant to the safety and
efficacy of the future surgery. Having a personalized patient anatomy
model, the surgeon can plan the potential trajectory of the tool during
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the procedure - this is the planning stage of the procedure. The most
important and at the same time the most difficult stage from the point
of view of the effectiveness of the procedure is the stage of supporting
the therapy, during which the pre-operative anatomy model of the
patient is registered to the patient's position during therapy. Algorithms
matching the pre-operative anatomy model of the patient to the posi-
tion of the patient during the procedure based on the skin markers
constitute the main topic of the discussed publication. Quantitative and
qualitative evaluation of the fitting process takes place during the
procedure. For quantitative evaluation, positioned intraoperative ul-
trasound images are used where the coverage of the corresponding
anatomical structures with pre-operative images is assessed. For
quantitative assessment of the registration process, the measure of
matching the registered markers in the pre-operative image transferred
to the patient's coordinate system - Fiducial Registration Error (FRE) - is
used. The Target Registration Error (TRE) measure is used to directly
assess the alignment of the focal lesion position during the procedure in
relation to the position observed in the pre-operative images. Works
based on the so-called the registration circuits presented in the article
are based on previous studies that showed an underestimation of the
registration error based on a single step. That is why the so-called re-
gistration circuits in which the registration process takes place in a few
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List of abbreviation

AQUIRC Assessing Quality Using Image Registration circuits

CT Computed Tomography
EBS Elastic Body Spline

TPS Thin Plate Spline

FLE Fiducial Localization Error
FRE Fiducial Registration Error

Ho null hypothesis

H; alternative hypothesis

MRI Magnetic Resonance Imaging
PSO Particle Swarm Optimization

target.s;, the estimated position of the target point
target,.,; the real position of the target point

TRE Target Registration Error

€ dissimilarity measure

steps. The introduction of registration circuits showed that the con-
ducted experiments made it possible to reduce the TRE statistically
significantly.

Because the exact location of the tumor during the procedure is not
known, this topic is the current area of research. Fitzpatrick proposed a
target position estimator [5,6] and found no statistical correlation be-
tween FRE and TRE [7]. Datteri in [8] proposed the Assessing Quality
Using Image Registration Circuits method (AQUIRC), which measures
the quality of registration correlated with the TRE. The algorithm was
first presented in [9] and has been used to estimate the quality of the fit
for rigid image registration in [10]. The method is based on the idea of
registration, which was presented by Woods [11] and Holden [12].
Fitzpatrick [13] proved that using only one chain of registration may
lead to underestimation of registration errors. The AQUIRC algorithm
uses multiple chains by making modifications to the positions of the
markers with estimated Fiducial Localization Error and then making the
registration between the modified markers positions. Spinczyk and
Fabian [14,15] achieved a significantly smaller value of the median
TRE on the basis of deformation using splines and a set of sequential
positions of surface markers. They evaluated correlation between FRE
and TRE and compared TRE obtained by different registration methods.
The best results gave the method, which uses Particle Swarm Optimi-
zation in order to calculate the best Elastic Body Splines (EBS) para-
meters.

The aim of this study is to present the usability of three registration
chains used by AQUIRC approach selection of the respiratory phase in
minimally invasive interventions. The functionality of TRE reduction
has been achieved for the respiratory phases which correspond to op-
timal phases of 3 registration chains of AQUIRC approach for real data,
collected during minimally invasive abdominal surgery interventions.

2. Materials and methods
2.1. The proposed modification of AQUIRC approach

The method presented in this paper, Assessing Quality Using Image
Registration Circuits approach, is based on the idea of registration
circuits, which was presented by Daterri and Dawant [8]. A registration
circuit involves three fiducial configurations A, B, and C and three
transformations between them. In their approach, the markers’ posi-
tions differ between configurations by the assumed localization error.
The idea of registration circuits was expanded to multiple circuits
(Fig. 1).

In our approach, the configurations' coordinates differ by the mar-
kers’ positions achieved in the subsequent breathing cycles (Fig. 2).

A graph is constructed for each respiratory phase. Every node re-
presents the set of marker positions achieved in the breathing cycle. N-1
nodes correspond to N-1 observed breathing cycles. The highlighted
node represents the set of markers observed in computed tomography
performed before the procedure. By arranging marker configurations at

the vertices of the graph, we get (J;’ ) edges and [];] ) circuits. In further

analysis, those circuits that contain the highlighted node has been
considered. A registration circuit whose size is 3 contains three con-
figurations A, B, C and three transformations Tag, Tpc, Tca. Points X

32

from configuration A are transformed to X’ using those transformations:
X' = Tap(Tae (Tea (X))

where:

Tap, Tc, Tca are the transformations between configurations A, B,
and C respectively. Transformation between configurations were
founded by applying Horn registration on the markers’ positions [16].

Each transformation, or edge of the graph, is represented by the
dissimilarity measure, ea, €, ec. The dissimilarity is affected by the
registration error of three configurations, i.e., the registration error
between A and B, the registration error between B and C, and the re-
gistration error between C and A. With only one circuit, the contribu-
tion of each component cannot be computed. It can, however, be esti-
mated with more than one circuit. To achieve this, the assumption was
made that each registration affects the quality measure multiplicatively:

TRE,iycuit_apc = dissimilarity (X, X') = gq* eg*e.

Computing this expression for all possible circuits and rearranging
them in matrix form, we obtain:

log(gcircuitl) log(TREcircuitl)
IOg(scircuitz) log(TREcircuitz)
1 (1) } 5_)8 10g(£circuit3) log(TREcircuitg,)
1101..0 10g(£circuit4) — log(TREcircuit4)

0111..0

10g Ecircuit(N] lOg TREcircuit

) (%)

After solving this system of equations, we obtain error vectors: FRE,
TRE, and epsilon, with values in individual vectors corresponding to
particular circuits.

2.2. Input data set

In order to analyze the data, the structure of the patient record was
designed, which enabled the storage of the required information.

To carry out the registration of marker positions from the position
tracking system to Computed Tomography (CT) coordinate system, it is

Node structure:
represents the
coordinate system of
tracked set of markers
€4

The edge value:
represents the multiplicative
error of registration measure of
the coordinate systems
represented by the nodes
connected by the edge

€1

Fig. 1. Example of graph and registration circuit.
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Fig. 2. The presented approach graph.

necessary to determine the position of the corresponding points in both
coordinate systems. To specify the position of the markers in the co-
ordinate system associated with the CT images, an application was
designed that allows radiologist to review the study, navigate in-
dividual cross-sections in any projection, and locate radiological mar-
kers and recording their positions in the configuration file.

Depending on the anatomy of the patient (the size of the abdominal
area) and previously performed therapy (postoperative scars) on the
body, each of the examined patients were had seven to ten sets of
correlated radiological markers placed on their abdomen with re-
cognizable markers for the position tracking system (Fig. 3).

After performing a CT scan, a radiologist pointed out position of
radiological markers distributed on the body the patient in the com-
puter tomography coordinate system. Because each marker has a three
dimensional position, the set of marker positions can be written in a
rectangular two-dimensional matrix of n x 3, where n is the number of
markers.

After the CT scan, each patient was asked to perform several inhales
and exhalations. Accompanying respiratory movement displacement
[17] was registered and saved using an application that supports the
tracking system. Each position measurement was marked with a time
stamp. Based on the analysis of the marker displacements in the Z axis
of the tracking system coordinates, the breathing phase @; for any time
t; was linearly interpolated [18]:

[j_limin Zymax - (] tmin <t max
pmax _ min 1%} ’ a i = 1j <ti
i i

g =

5 4 — " > . max min
Z (W)(l - @"%); dla " < <

1 N pmax _ min
~max — 1 i
Z T Nmax Z

i=1

min

min
i1 —

where:

¢min, tmex _ time corresponding for i-th minimum and maximum of
marker position in Z axis, respectively,
N™M_ number of acquired breathing cycles.

From the literature [19], it appears that the average cycle length is
approximately 4s. In turn, the maximum sampling frequency of the
position tracking system is equal to 25Hz. Therefore, assuming use
modern and efficient hardware architecture, it is possible to collect 100
sets of markers positions in one breathing cycle.

The obtained data set was saved in the patient record in the matrix
presented in Fig. 4a. The patient's test record and patient metadata were
also recorded in the patient record, which complement the collections
of markers positions in time in the tracking system and a collection of
markers position in the computed tomography coordinate system. The
entire collection of patient records participating in the study has been
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presented in Fig. 4b.

2.3. Experiment

As it was mentioned earlier, only nodes which include the CT
marker positions were included in further analysis. For every marker
treated as a target, 50 breathing phases (from 0 to 98% of breathing
cycle with step 2%) were selected per every breathing cycle, corre-
spondence graph were built, and the system of equations was solved.
Descriptive statistics of TRE, FRE, and epsilon measures have been
calculated. The respiratory phase was selected based on the smallest
median TRE value. Additionally, the TRE linear correlation coefficient
between FRE and epsilon was calculated.

The experimental verification of the proposed methodology was
made on the basis of 21 patients diagnosed with liver tumors. At the
stage of imaging diagnostics, three-dimensional (3D) computed tomo-
graphy with contrast was used depending on the adopted acquisition
protocol and the potential therapeutic method. In the case of the use of
surgical techniques, 3D imaging is most commonly used and the re-
spiratory phase needs to be adjusted. For every patient, each marker
was treated as target and the other markers as predictors of target
position, which produces 162 configurations and 1095 analyzed
breathing cycles.

The results section presents descriptive statistics in the form of TRE
box plots calculated as the difference of the actual position of the
marker assumed as target, and the position estimated with the Elastic
Body Splines deformation field, whose parameters were selected using
the Particle Swarm Optimization (PSO) approach. In the PSO approach,
the dataset consists of available markers positions and configuration
recorded for every patient. The dataset has been divided into a training
and a test group at a ratio of 50 to 50%. The Training set is used to find
the values of « and stiffness parameters (used by the EBS algorithm), in
the following way. The values of the parameters in moments of time
corresponding to the phase founded in the AQUIRC experiment are
averaged for every patient and its markers’ configuration in-
dependently. Then, those values are used to estimate target position in
the test group. A more detailed description of EBS-PSO approach can be
found in our previous work [15].

3. Results

After verifying the lack of normal distribution within the analyzed
data groups, Wilcoxon's statistical hypothesis test was used in post-hoc
analysis to verify differences in distributions within groups connected
by the analysis point. The Obtained results in terms of the time criterion
(phase in the breathing cycle) were divided into five groups: discrete
time moments corresponding to the phase founded in AQUIRC experi-
ment in the breathing cycle, minimum FRE in the breathing cycle, in-
hale, exhale and full respiratory period.

Fig. 5 shows the distribution of TREs in subgroups determined

Fig. 3. Placement of markers on the skin.
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Fig. 4. Matrix of markers with division into cycles (left) and whole data set (right).
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Fig. 5. Distribution of TRERigp.rps.pso €stimation with division into groups
according to the criterion of the respiratory cycle phase.

according to time criterion.

The lowest median value was obtained for ACQUIRIC group.
Therefore, in the further analysis, the median values for the ACQUIREC
group were used. Table 1 presents the comparison of median values for
ACQUIRIC group for different registration methods evaluated in pre-
vious works [14,15].

Table 2 presents comparison of statistical analysis of lower median
value of ACQUIRIC group between TRE RIGID-EBS-PSO-ACQUIRIC
registration method and other registration method.

4. Discussion

Spatio-temporal analysis of collected real data was performed to
estimate the position of target during the respiratory cycle. The
Registration circuits method was used to find the breathing phase
corresponding to preoperative Computed Tomography spatial config-
uration. Taking into consideration the time criterion, the data has been
divided into 5 groups: discrete time moments corresponding to the
phase found in the AQUIRC experiment in the breathing cycles,
minimum FRE in the breathing cycle, inhale, exhale and full respiratory
period. Minimum FRE group include breathing phase which corre-
sponds to minimum of FRE value for every breathing cycle. This
method was described in [15], and until now was the method which
produced the best results. This method used Elastic Body Spline for
modeling deformation field and Particle Swarm Optimization method
to find desired values of EBS parameters: & and stiffness for discrete
breathing phase corresponding to minimum FRE in every breathing
cycle. In the current approach, in comparison to previous method, we
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select discrete breathing phases based on TRE analysis of the registra-
tion circuits method. It produced statistically better results.

The analysis was performed based on free breathing data collected
during the preparation for minimally invasive abdominal surgery. In
real clinical scenarios, such interventions are performed in general
anesthesia and the breathing process is supervised by a respirator,
which causes more regular and repetitive breathing.

There are some limitations to the presented approach. First, to va-
lidate the real target position and minimize the invasiveness of the
research, fiducial markers were treated as the targets. Therefore, the
target was lying on the surface of the abdominal cavity. In the future, a
marker placed inside the abdominal cavity will be considered in the
proposed approach. Second, experiments on animal tissues during the
respiratory cycle showed the effect of the relative position of the mar-
kers and the direction of their distribution on the accuracy of TRE es-
timation [20,21]. Third, another interesting element is the study of the
proposed multiplicative error measure of the registration circuit (pro-
posed in [8]) regarding statistical correlation in relation to TRE.

5. Conclusions

In minimally invasive surgery, one of the main challenges is pre-
cisely locating the target during the intervention. For abdominal in-
tervention one of most important factor causing target motion is
breathing. The aim of the study is to efficiently predict target locali-
zation in breathing cycle.

Analysis of TRE for registration circuits was used to find the
breathing phase corresponding to preoperative Computed Tomography
spatial configuration. Then, Elastic Body Spline for modeling de-
formation field and Particle Swarm Optimization method were used to
find desired values of EBS parameters: « and stiffness. The proposed

Table 1
Median TRE value of ACUIRIC group for different registration methods.

Registration method Median of TRE

[mm]
RIGID 8.31
AFFINE 9.28
AFFINE + THIN PLATE SPLINE 9.28
AFFINE + ELASTIC BODY SPLINE REGISTRATION 8.14
RIGID + THIN PLATE SPLINE 8.31
RIGID + ELASTIC BODY SPLINE 7.60
AFFINE + ELASTIC BODY SPLINE 5.85
+ PARTICAL SWORM OPTIMALIZATION
RIGID + ELASTIC BODY SPLINE 4.81
+ PARTICAL SWORM OPTIMALIZATION
RIGID + ELASTIC BODY SPLINE 4.34

+ PARTICAL SWORM OPTIMALIZATION + ACQUIRIC
(acronym: ACQUIRIC)
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Table 2
Results of statistical analysis comparing median of TRE for ACQUIRIC group for
different registration methods.

Other registration method Lower median TRE for ACQUIRIC

method compared to other registration

method
RIGID YES, p-value = 3,12E-22
AFFINE YES, p-value = 7,47E-26
AFFINE + THIN PLATE SPLINE YES, p-value = 7,47E-26
AFFINE + ELASTIC BODY SPLINE YES, p-value = 1,88E-25
REGISTRATION
RIGID + THIN PLATE SPLINE YES, p-value = 3,12E-22
RIGID + ELASTIC BODY SPLINE YES, p-value = 2,54E-20
AFFINE + ELASTIC BODY SPLINE YES, p-value = 7,46E-05
+ PARTICAL SWORM
OPTIMALIZATION
RIGID + ELASTIC BODY SPLINE YES, p-value = 0,040837

+ PARTICAL SWORM
OPTIMALIZATION

methodology was verified during experiments conducted on 21 patients
diagnosed with liver tumors. This functionality of TRE minimization
has been achieved for the respiratory phases corresponding to breathing
phase found in Image Registration analysis. The proposed method was
performed to estimate the position of target during respiratory cycle.
This method has been developed to perform operations in real-time on a
standard workstation.
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