
3D Surface Reconstruction of Organs using
Patient-Specific Shape Priors in

Robot-Assisted Laparoscopic Surgery

Alborz Amir-Khalili1, Jean-Marc Peyrat2, Ghassan Hamarneh3, and
Rafeef Abugharbieh1

1 Biomedical Signal and Image Computing Lab, University of British Columbia,
Vancouver, Canada

2 Qatar Robotic Surgery Centre, Qatar Science and Technology Park, Doha, Qatar
3 Medical Image Analysis Lab, Simon Fraser University, Burnaby, Canada

Abstract. With the advent of robot-assisted laparoscopic surgery (RALS),
intra-operative stereo endoscopy is becoming a ubiquitous imaging modal-
ity in abdominal interventions. This high resolution intra-operative imag-
ing modality enables the reconstruction of 3D soft-tissue surface geom-
etry with the help of computer vision techniques. This reconstructed
surface is a prerequisite for many clinical applications such as image-
guidance with cross-modality registration, telestration, expansion of the
surgical scene by stitching/mosaicing, and collision detection. Recon-
structing the surface geometry from camera information alone remains
a very challenging problem in RALS mainly due to a small baseline be-
tween the optical centres of the cameras, presence of blood and smoke,
specular highlights, occlusion, and smooth/textureless regions. In this
paper, we propose a method for increasing the overall surface reconstruc-
tion accuracy by incorporating patient specific shape priors extracted
from pre-operative images. Our method is validated on an in silico phan-
tom and we show that the combination of both pre-operative and intra-
operative data significantly improves surface reconstruction as compared
to the ground truth. Finally, we verify the clinical potential of the pro-
posed method in the context of abdominal surgery in a phantom study
of an ex vivo lamb kidney.

1 Introduction

The term minimally invasive laparoscopic surgery refers to interventional tech-
niques (performed in abdominal and pelvic cavities through small key-hole inci-
sions) that reduce trauma and morbidity as opposed to traditional open surgery.
In these procedures, surgeons access the surgical site using an endoscopic camera
and miniaturized (laparoscopic) instruments such as graspers, scissors, suction,
and electro-cautery tools. Traditional laparoscopic instruments suffer from dif-
ficult hand-eye ergonomics and a restricted 2D field of view of the surgical site
acquired via the endoscopic camera. New RALS technologies, da Vinci Surgical
System (Intuitive Surgical, Inc., Sunnyvale, CA, USA), have overcome many of



these restrictions by incorporating instruments with six degrees of freedom, thus
improving tissue manipulation dexterity, and stereo endoscopic cameras that
afford better depth perception of surgical site.

Fig. 1: Example of “artefacts” present in images acquired by the left stereo-endoscopic
camera of the da Vinci robot during a partial nephrectomy. These “artefacts” can
induce error in the stereo reconstruction methods based on dense feature matching:
blood (red), white specular highlights (green), smooth organ surfaces (blue), and smoke
(gray).

These robots facilitate the next generation of image guided interventions
in abdominal surgery by establishing a natural interface between the surgeon,
robot, and patient. Advanced techniques in computer vision can now be inte-
grated alongside the stereo endoscopic cameras of such systems to enhance the
visualization capabilities of the surgeon. Three dimensional (3D) reconstruc-
tion [1] of soft-tissue surfaces from stereo cameras is an essential intermediary
step used within many image guidance techniques. As surveyed in a recent publi-
cation [2], such laparoscopic applications include: augmented reality, telestration,
feature tracking, dynamic view expansion, biophotonics, and collision detection.

According to [2], many hardware solutions, e.g. structured light and time of
flight, and software algorithms, e.g. shape-from-motion and SLAM, have been
proposed for 3D surface reconstruction of abdominal organs. However, com-
putational stereo (reconstruction from dense matching) may be the strongest
candidate for translation into clinical practice since: 1) stereo-endoscopic imag-
ing hardware is readily available with the da Vinci system, and 2) it produces
a more accurate and dense reconstruction compared to other software solu-
tions. Computational stereo methods are, however, prone to error in presence
of non-Lambertian specular highlights, smoke, blood, and tissue surfaces that
are smooth (Fig. 1). These problem areas lack the definitive features that are
essential for dense matching. Furthermore, the accuracy of depth reconstruction
drops dramatically if the distance between the target tissue and a camera cen-
ter is more than 15 times the baseline which is the physical distance between
the optical centers of the cameras. Due to the small size of the endoscope, the
baseline is typically very small (around 5 mm).



The afforementioned errors are especially prevalent during surface reconstruc-
tion of the kidneys and liver, both of which are round, i.e. have high extrinsic
curvature, and are smooth in terms of shape and texture. In this paper we focus
mainly on the kidney since delicate procedures such as radical/partial nephrec-
tomy and pyeloplasty are now being performed with da Vinci systems [3].

To overcome such errors and limitations during RALS, we are proposing to
incorporate geometric shape priors derived from patient-specific computed to-
mography (CT) scans acquired prior to surgery as a regularization constraint on
top of a robust dense matching algorithm. Provided that the prior is accurately
registered to the endoscopic view, the number of outliers (mismatched features
on the surface of the organ) can be drastically reduced without oversmoothing
the discontinuties that exist.

After describing the details of our method in Section 2, we perform validation
on an in silico cardiac phantom [4,5]. To the best of our knowledge, this is the
only publicly available dataset captured with the da Vinci System that includes
ground truth surface reconstruction. In this study, we demonstrate a significant
improvement by comparing a basic reconstruction algorithm, a more robust al-
gorithm, and our proposed reconstruction with shape prior encoding method to
the available ground truth. An in silico cardiac dataset is not sufficient to justify
the use of our method for its intended application in abdominal surgery. To sup-
pliment our proof of concept, we apply our method to an ex vivo lamb kidney,
captured with the da Vinci Surgical System, to qualitatively demonstrate its
potential utility in a clinical setting.

2 Methods

In this section we present two approaches of reconstructing depth information
from stereo endoscopic cameras followed by our proposed method which includes
a shape prior. First, a basic method is presented and used as a reference to
measure improvements in reconstruction accuracy. The second method, is more
robust and similar to state-of-the-art methods that do not use shape priors. Our
proposed method is an extension of the robust method with the addition of
manually posed patient-specific shape prior extracted from CT.

2.1 Basic Stereo-Endoscopic Surface Reconstruction

We assume that adequate calibration of the stereo rig is performed and the
camera projection matrices of the pinhole camera model are available. We take
advantage of 3D reconstruction methods from multi-view geometry [1] to sim-
plify the problem and avoid a direct 3D dense matching. We simplify the dense
matching problem by transforming the pair of views using a polar rectification
method [6]. This reduces the dense matching to linear matching along paral-
lel epipolar lines in the left and right rectified images from which we obtain
correspondences.



First, the rectified images are converted into greyscale images. We use the
normalized cross correlation (NCC) ratio as the similarity metric. This matching
criteria has the advantage of being less prone to changes in illumination. NCC is
computed for matching patches of pixels centered at the points being matched
in each image. A square patch is used for matching and set to 25× 25 pixels, a
patch size emperically shown to provide a good compromize between the number
of outliers and oversmoothness of the resulting depth values.

In this basic approach, the matching points with the highest NCC value
are selected. The corresponding distance between matches (in pixels) in the
unrectified images is converted to position coordinates (in millimeters) in 3-space
with the origin at the left camera centre. This is achieved using the calibrated
camera projection matrices and a simple triangulation method using singular
value decomposition [1].

2.2 Robust Surface Reconstruction

Certain constraints may be imposed to improve the accuracy of the reconstructed
positions in 3-space by removing outliers that occur during matching. As pre-
viously proposed in relevant publications [7,8], the ideal matching of a patch
from the left camera to the right camera must be consistent with matching the
same patch from the right camera to the left. This doubles the computational
complexity of the algorithm but introduces robustness to specular noise and
occlusions.

The NCC metric does not guarantee a perfect match, especially if the textural
information within that patch is not unique. Rather than increasing the size of
the patch, the information of the neighbouring matches can be used to remove
false matches. Discontinuities thus may exist in the reconstructed depth, e.g.
sharp edges and occlusion of view by laparoscopic tools, hence we account for
isolated mismatches with a median filter as an edge-preserving outlier removal
method.

2.3 Surface Reconstruction with a Shape-Prior

We propose to further improve the robust surface reconstruction, denoted IRR,
by adding more constraints based on the geometry extracted from a prior model.
This model may be obtained by segmenting a patient specific pre-operative im-
age. In our examples we use manually segmented CT volumes as they are com-
monly acquired prior to most abdominal RALS.

The extracted shape prior is registered to the endoscopic view by manually
finding corresponding points between the left and right camera images, and
the prior. The calibrated camera projection matrices are used to automatically
pose the CT onto both cameras using a similarity transform consisting of rigid
motion and uniform scaling. By posing the shape prior onto the CT, we are able
to project its surface onto the camera views using the camera matrices. This
projection results in a depth reconstruction, which is in the same domain as
IRR, hereby denote ICT .



The shape prior of the CT is encoded into the reconstruction by a weighted
depth average computed at each pixel x independently:

IRRCT (x) = [1− α(x)]IRR(x) + α(x)ICT (x) (1)

where

α(x) = exp

[
−β

|IRR(x)− ICT (x)|

]
(2)

is an outlier-sensitive regularizer and β is a free variable greater than 0 that can
be tuned to adjust the weight given to the CT prior. This formulation gives a
higher weight to ICT when the difference between ICT and IRR is high.

3 Results

3.1 Materials

A quantitative validation of our method is performed on cardiac in silico phan-
tom data [4,5] consisting of stereo data, CT scan, and ground truth depth. The
provided CT data is high resolution: 215 (0.500 mm thick) vertical long axis
slices of 512 × 512 pixels (0.414 mm pixel spacing). The stereo endoscopy data
available online are low resolution (360 × 288 pixels) images captured using a
calibrated da Vinci system.

For clinical verification of our method, we fabricated an ex vivo phantom
using a lamb kidney with artificial tumors. A 16 slice Siemens Somatom CT
scanner was used to acquire a high resolution CT volume of the phantom. The
resulting volume is composed of 130 (0.600 mm thick) transverse slices of 512×
512 pixels (0.215 mm pixel spacing). Stereo endoscopy data was captured with a
calibrated da Vinci S system at full HD 1080i resolution. In both studies, we set
the value of β to 1 while encoding the CT shape prior into the reconstruction.

(a) (b) (c)

Fig. 2: Reconstructed surface in 3-space (in millimeters) with texture using: (a) simple
dense matching method, (b) robust dense matching method, and (c) our proposed
method with shape-prior.



3.2 In Silico Phantom Study

The three presented reconstruction methods were applied to the dataset. The
provided CT was segmented and the resulting shape prior was aligned onto the
endoscopic data using the five fiducials visible on the surface of the phantom.
The reconstructed depth to surface at each pixel is computed for each of the
presented methods and illustrated in Fig. 2, in which the image from the left
camera is applied as a texture to enhance visualization. Note how the number
of outliers are qualitatively reduced when comparing the results of the reference
reconstruction (Fig. 2a) to the robust reconstruction (Fig. 2b). Also note that
our proposed method (Fig. 2c) achieves significant qualitative improvements,
compared to previous methods, in terms of outliers and smoothness of depth
values. For a quantitative comparison, depth values computed for each pixel of
the left image is shown in Fig. 3 alongside respective absolute differences with the
provided ground truth distances. Observe how the absolute differences (bottom
row of Fig. 3) have been qualitatively reduced from the reference (left) to our
proposed method (right). A detailed quantification of theses errors (absolute
difference for all pixels) is presented in Fig. 4.

The results of our proposed method with shape prior in Fig. 4 clearly demon-
strate a significant improvement over the two reconstruction methods that do
not use a shape prior. Without the shape prior, the mean error (absolute differ-
ence between reconstruction and ground truth) was reduced from 17.2 mm to
14.8 mm with the robust algorithm. The median error values remained roughly
the same (from 7.7 mm to 7.5 mm). This implies that the few extreme outliers
(which had a significant impact on the mean) were removed without significantly
changing the results. With our method, the mean and median error values were
significantly reduced to 6.1 mm and 4.8 mm respectively. Also note the reduction
in variance of error achieved with our method in Fig. 4. The minor increase in
minimum error is attributed to the misalignment of the prior.

3.3 Ex vivo Lamb Kidney Study

The purpose of this experiment is to qualitatively verify the reduction in mis-
matched pixels after applying our method to a more realistic ex vivo phantom
for abdominal RALS. Our phantom provides a good example as it has a smooth
texture on its surface, making it very difficult to extract robust depth values by
dense matching alone. The CT scan corresponding to the ex vivo phantom is
segmented in the same fashion as the in silico case. The pose is estimated man-
ually from 4 arbitrary landmarks, which were easily identifiable in both CT and
stereo images. The three methods were applied to two views of the kidney ac-
quired at different angles; results illustrated in Fig. 5. The reconstruction results
of our ex vivo phantom exhibit the same pattern of qualitative improvement that
was quantitatively validated in the in silico study. In this particular case, the
reconstruction also includes objects other than the kidney, such as the plate. In
order to keep these depth values, while incorporating the prior, we have added
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Fig. 3: Top row shows reconstructed distance to surface values (0 mm - 150 mm) using:
(a) simple dense matching method, (b) robust dense matching method, and (c) our
proposed method with shape prior. Bottom row: (d, e, f) are corresponding absolute
difference (0 mm - 100 mm) between the provided ground truth and methods (a, b, c),
respectively.
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Fig. 4: Box plots of reconstruction errors (absolute difference compared to ground
truth) corresponding to each reconstruction method.
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Fig. 5: Reconstructed distance to surface values (45 mm - 250 mm) of our kidney
phantom captured at two different angles (a) using: (b) simple dense matching method,
(c) robust dense matching method, and (d) our proposed method with shape-prior.



an extra condition to set α(x) to zero where there is no depth information at
ICT (x).

In summary, even without a robust estimation of CT-to-stereo alignment,
our method shows a clear visual improvement in areas prone to mismatching
(texture-less areas).

4 Conclusion

We have proposed a method that significantly improves stereo surface reconstruc-
tion by incorporating priors from pre-operative segmentation into stereo view.
The improvement in reconstruction from da Vinci stereo recordings is validated
quantitatively on the only publicly available dataset that includes ground truth
measurements and we show a 56% reduction in mean absolute difference with
ground truth compared to a basic dense matching algorithm. We demonstrate
the potential clinical utility of the proposed method in the context of abdominal
surgery using a phantom study of an ex vivo lamb kidney. Our results show a
clear visual improvement in problem areas where mismatches were occurring in
methods that don’t include a shape prior.

Our proposed prior-informed reconstruction method can be utilized to im-
prove clinical image guidance frameworks that require depth reconstruction such
as augmented reality, telestration, feature tracking, dynamic view expansion,
biophotonics, and collision detection. For future work, we plan to improve the
manual pose alignment stage by adding semi-automatic alignment subroutines.
Although our method of fusion accounts for superficial differences and deforma-
tions at the surface of the organ, a pose alignment based on similarity transform
is not sufficient to account for typical tissue deformations that occur during
surgery. In the future, we will investigate the incorporation of a patient-specific
biomechanical model of the organ, which after registration can be tracked and
non-rigidly deformed to match the current state of the organ. Furthermore, we
plan on optimizing the β term with respect to the window size and pursue the
option of adaptively varying β based on spatial information. We can tune β to a
different value at each pixel depending on NCC score of the best match of IRR

at the given pixel.
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