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Abstract. Minimally invasive laparoscopic surgery is widely used for
the treatment of cancer and other diseases. During the procedure, gas
insufflation is used to create space for laparoscopic tools and operation.
Insufflation causes the organs and abdominal wall to deform significantly.
Due to this large deformation, the benefit of surgical plans, which are
typically based on pre-operative images, is limited for real time navigation. In some recent work, intra-operative images, such as cone-beam
CT or interventional CT, are introduced to provide updated volumetric
information after insufflation. Other works in this area have focused on
simulation of gas insufflation and exploited only the pre-operative images
to estimate deformation. This paper proposes a novel registration method
for pre- and intra-operative 3D image fusion for laparoscopic surgery. In
this approach, the deformation of pre-operative images is driven by a
biomechanical model of the insufflation process. The proposed method
was validated by five synthetic data sets generated from clinical images
and three pairs of in vivo CT scans acquired from two pigs, before and
after insufflation. The results show the proposed method achieved high
accuracy for both the synthetic and real insufflation data.
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Introduction

Laparoscopic surgery is a widely used minimally invasive procedure for cancer
and other disease treatment. Advantages like reduced post-operative pain and
shorter recovery time make it preferable to open surgery. During surgery, the
laparoscopic camera can only visualize the surface of the tissue this makes localizing sub surface structures, such as vessels and tumors, challenging. Therefore,
intra-operative 3D images are introduced to provide updated information. While
the intra-operative images typically have limited image information due to the
constraints imposed in operating rooms, the pre-operative images can provide
supplementary anatomical and functional details, and carry accurate segmentation of organs, vessels, and tumors. To bridge the gap between surgical plans and
laparoscopic images, registration of pre- and intra-operative 3D images is needed
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to guide real time navigation. However, this registration is challenging due to
gas insufflation [1] and other surgical preparation [2], which result in large organ
deformation and sliding between viscera and abdominal wall (Fig. 1). Therefore,
a standard non-rigid registration method cannot be directly applied, and the
topic has not been investigated much in depth in literature.

Fig. 1: Due to large deformations, standard registration methods like FEM and
dense diffeomorphic registration, fail to achieve accurate structure alignment
Recent research has focused on insufflation modeling using only pre-operative
images and registration of pre-operative images to laparoscopic images [3, 4].
However, none of the proposed methods have made use of the intra-operative
images in their framework. For example, Kitasaka et al. [3] use elastic deformation model to simulate the anatomical changes caused by pneumoperitoneum.
In their work, artificial gas pressure is simulated with a biomechanical model in
abdominal cavity. More recently, Bano et al. [5, 6] simulate the gas insufflation
by lifting the abdominal wall in pre-operative images. Specifically, in [5], the deformation model is simulated using finite element method (FEM) to compute the
displacements. In [6], the displacements are found by matching the landmarks
collected from patient’s insufflated abdominal surface. Although the proposed
deformation models are physically realistic, the models are not guided by the
available target, intra-operative images. In fact, the intensity information in both
images could be used together with the gas insufflation model in a registration
algorithm.
In this paper, a method is proposed for accurate registration of pre-operative
images to intra-operative images driven by biomechanical modeling of abdomen
deformation under gas insufflation. The coupling between the registration and
insufflation model is achieved by optimizing the intensity similarity measure
between the modeled pre-operative image and the intra-operative image. The
dynamic model parameter optimization with intensity information differs our
approach from the existing methods [3, 5] that used constant model parameters.

2

Method

The registration method consists of two main steps: insufflation modeling and
diffeomorphic non-rigid registration. The first step computes the deformations
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and organ shifts caused by gas pressure, using the biomechanical model, which is
based on the mechanical parameters and pressure level. This model is applied on
pre-operative images to achieve an initial alignment with intra-operative images,
which accounts for both non-rigid and rigid transformations caused by the insufflation. The biomechanical model is incorporated into the registration framework
by coupling the model parameters with an intensity similarity measure unlike
the models in [3, 5], and the finite element method (FEM) registration methods
in [7, 8]. In the second part, diffeomorphic registration, which has a higher degree of freedom, refines the surface differences between the pre-operative image,
warped according to the biomechanical model, and the intra-operative image.
The proposed method is shown in Fig. 2.

Fig. 2: Diagram of the proposed method
Initial image alignments are done using spine position [9], when the images
are separated. The optimization problem can be formulated as follows:
max DLCC ( R , Ψd ◦ Ψm ◦ M )

(1)

where M and R denote the moving (pre-op) and reference 3D images (intra-op)
respectively, and DLCC is the local cross correlation intensity similarity measure.
The model guided registration and diffeomorphic transformation are represented
with Ψm and Ψd respectively.
Insufflation Model
The biomechanical model deforms mesh elements and computes the displacement of mesh points. In the proposed framework the pre-operative image is segmented as liver, abdominal wall and surrounding tissue using a semi-automated
method, and tetrahedral mesh elements are generated using CGAL1 . Similarly,
automatic and manual segmentation tools can be used as well since this task
is performed before surgery. Next, surface points of these volume meshes are
tagged automatically, which are used to apply the insufflated gas pressure.
A corotational finite element method is used with a linear elastic model
to compute the displacement of the organs under abdominal gas pressure. An
implicit time discretization is employed for unconditional stability. As a solution
method, dynamic modeling is selected to cope with inertia effects and organ
1
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(a) Initial mesh before the insufflation

(b) Deformed mesh after the insufflation

Fig. 3: Abdominal wall (red), liver (green), and surrounding tissues (blue) are
deformed with the proposed registration method based on gas insufflation model.
collisions. The mechanical system with abdominal wall, liver, and surrounding
tissues is deformed under the internal pressure generated in the abdominal cavity,
which represents the insufflated gas, shown in Fig. 3. The applied force field
together with the internal tissue properties deform the meshes while preserving
the mesh topology. The force, acceleration, and displacement field for each node
element are integrated and computed in an iterative approach.
M ü + Du̇ + Ku = Fgas

(2)

In (2), the partial differential equation for the mechanical model is given. When
the model achieves stability, the gas pressure forces (Fgas ) are balanced with internal mesh stiffness forces, and the final node positions (u) are determined. The
parameters M , D, and K represent the mass, damping, and stiffness matrices.
In the proposed system, the model parameters are the gas pressure, Poisson’s
ratio, and Young’s modulus for each tissue. The initial parameter values are set
according to the literature [10, 11], and the gas pressure value is collected during
surgery. The framework has been implemented in SOFA2 library.
Insufflation Model Constrained Registration
The biomechanical gas insufflation model is combined with intensity similarity
measure to include it in the registration framework. In this regard, the model
parameters are updated iteratively until model convergence by optimizing the intensity similarity between the intra-operative and model updated pre-operative
images. The deformation field obtained from the biomechanical model is used
to recompute the pre-operative image that uses a backward thin-plate spline
interpolation method. The algorithm can be described as follows: let the model
deformations Ψm : R3 → R3 and mechanical parameter set α(t) ∈ RL be denoted
by Ψm,α(t) . The superscript t is the discrete time step, and L ∈ N is the number of parameters. The similarity measure is maximized using gradient ascent
approach, which updates the model parameter values.
2
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Algorithm 1 Insufflation model constrained registration


1: Problem: maximize DLCC R , Ψm,α(t) ◦ M
2: define Young’s Mod.: kj , Poisson’s ratio: Ej , Pressure: Pgas ∀ j ∈ N : j < N
3: initialize α(0) = [ k0 , . . . , kN −1 , E0 , . . . , EN −1 , Pgas ] , αi ∈ R , ∀ i ∈ N : i < L
LCC
4: while k∇Dα
(t) k ≥ Threshold do

7:

compute Ψm,α(t) = F ( α(t) , M )


compute DLCC R , Ψm,α(t) ◦ M


compute ∂DLCC
DLCC [R , M ; α(t) + δi ] − DLCC [R , M ; α(t) ] / kδi k
(t) =

8:

update αi

5:
6:

αi
(t+1)

(t)

= αi + γ · ∂DLCC
(t)
αi

9: end while

10: return Ψm,α(t+1) ◦ M

Algorithm 1 summarizes the steps of the method, where N , δ, and γ are
the number of mesh elements, parameter increment, and constant gradient step.
The mechanical model is denoted by F ( α(t) , M ), and it is computed until
model convergence, given in (2). Initially, the two images are aligned using rigid
registration based on spine positions.
Diffeomorphic Non-Rigid Registration
Tissue characteristics used to parameterize the biomechanical model are not patient specific and cannot comprehensively estimate the subtle complex deformations in the abdominal cavity or cardiac/respiration phase specific deformation.
This results in a small amount of residual deformation. In this framework a
refinement step is proposed to account for this residual deformation.
The model based registered pre-operative image is warped to intra-operative
image using diffeomorphic non-rigid registration [12]. It is a dense matching
method driven by the gradient of local cross correlation similarity measure. The
Gaussian smoothing regularization is applied on time-dependent velocity fields
and their composition is used to estimate deformations.
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Results

The proposed gas insufflation model constrained registration approach was firstly
evaluated on five different pairs of synthetic 3D-CT human abdominal images.
The images were acquired from five different patients in a non-insufflated state
by scanning the patients at two different time instances. The synthetic insufflated images were computed by applying the proposed insufflation model on
one of the two images from each patient, with the mechanical parameter values
provided in [5]. Additionally, for each pair, different Gaussian noise levels and
downsampling were applied to assess the robustness of the method against these
conditions, the details are provided in Table 1. The bar plot in Fig. 4 demonstrates that the method has registration error less than 2.5 mm even under large
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Table 1: Noise and downsampling conditions for intra-operative synthetic images
Case 1
Noise level (st. deviation)
Downsample Ratio (x, y, z)

0
-

Case 2

Case 3

Case 4

Case 5

±70 HU ±100 HU ±100 HU ±100 HU
(2, 2, 2) (2, 2, 2)

noise disturbance and low resolution conditions. The error values were obtained
with mesh to mesh distance metric for both abdominal wall and liver surfaces.
The method was also validated on the real scenario by using three different
pairs of insufflated and non-insufflated pig abdominal 3D-CT scans. The first two
pairs were collected from two different pigs under full inspiration and contrast
enhancement conditions. In the last pair (pig pair-3), the first pig was scanned
with insufflation and half expiration, and registered with the full inspiration noninsufflated scan of the same pig. The quantitative assessment was done again
using surface mesh to mesh distance. To demonstrate the contribution of the
method, the same datasets were also registered using only diffeomorphic nonrigid registration. The ground-truth surface meshes were collected from intraoperative images using manual segmentation. The quantitative results and the
alignment of the first pair are provided in Table 2 and Fig. 5.
The mean distance error on the in vivo pig images was recorded as 0.88 mm
and 1.75 mm for the abdominal wall and liver. It can be concluded that the
proposed method gives better registration accuracy compared to biomechanical
model alone approaches [5] that achieved an average registration error of 3.3 mm
and 4.3 mm with the same validation method for skin and abdominal viscera.
Furthermore, comparison against the method with only non-rigid registration
approaches shows the contribution of including the insufflation model in registration framework. The computation time for the complete registration process
was measured as 12 minutes per 3D image pair (Intel Xeon W3530 2.80GHz),
which can be reduced to a few minutes through parallel optimization.

Fig. 4: Registration errors for synthetic images, generated from clinical data
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Table 2: Registration error for abdominal wall (A) and liver (L) of the pig data
(mesh to mesh distance in mm). I, D, and M denote the initial mesh distance,
the distance error with only non-rigid registration, and the proposed method
Pig pair - 1
Method

4

I

D

Pig pair - 2
M

I

D

Pig pair - 3
M

I

D

M

(A) Mean Err. 11.42 12.63 0.67
(A) Max Err. 64.16 77.45 2.64

8.74 7.08 0.84
41.76 61.85 3.59

12.56 12.69 1.13
65.85 88.38 3.98

(L) Mean Err. 7.72 3.46 0.92
(L) Max Err. 25.43 17.56 2.76

12.92 9.94 3.28
37.08 50.27 8.04

6.49 6.22 1.06
22.52 26.01 6.36

Discussion and Conclusion

In this paper, a method has been proposed to estimate the deformation caused
after gas insufflation using pre- and intra-operative images. The validation of
the proposed approach was performed on both synthetic human CT and in vivo
pig CT scans. In the synthetic case, under noise and downsampling conditions,
a mean registration error of less than 2.5 mm was obtained, which demonstrated
the robustness of the method against noise disturbance and low resolution. In
the second evaluation, insufflated and non-insufflated in vivo pig CT images
were used. A mean registration error of 0.88 mm for liver and 1.75 mm for abdominal wall showed the applicability of the method in laparoscopic surgeries as
a registration algorithm. Furthermore, the error values were compared against
the ones obtained with standard diffeomorphic non-rigid registration method,
demonstrating the main contribution of the proposed method. Additionally, the
error values showed that the use of registration approaches on estimating the gas
insufflation deformations can provide more precise tissue alignment compared

Fig. 5: Insufflated(red) and non-insufflated(gray) pig images after each step: initial position, model based registration, and diffeomorphic non-rigid refinement
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to only biomechanical model based approaches [5]. The proposed approach is
generic; as such, it can be applied to other medical problems where large deformations appear due to external intervention (e.g. brain-shift, histology needle
guidance). The future work will investigate: validity of the method on these problems and the effect of respiration and cardiac motion on the algorithm accuracy.
Lastly, the authors thank Prof. J. Marescaux, Dr. A. Hostettler, IRCAD France
& Taiwan, and Show-Chwan Memorial Hospital for providing the pig data.
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