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Abstract. Surgical augmentation is addressed with a novel approach
driven by the shading information captured by conventional endoscopes.
The method is applicable even for organs or surfaces with no salient fea-
tures, where the matching problem in motion algorithms is prone to fail .
The idea is to produce 3D reconstructions of organs from intraoperative
video-endoscopic images, and subsequently align them to the preopera-
tive volumetric models. A propagating shape from shading (SfS) tech-
nique is adapted to the perspective camera model with a point source
of light located at the camera centre. The alignment is performed based
on an iterative closest point algorithm with two additional steps, one to
update the scale of the perspective reconstruction and the other to t une
the albedo and light intensity e�ects in the SfS reconstruction. R esults
from both synthetic and real endoscopic images show good spatial align-
ment of the shapes. We therefore believe shading-driven augmentation is
a feasible approach for applications like laparoscopic liver hepatectomy.

1 Introduction

Endoscopic surgery lacks the direct visualization of internal organ structuresand
leaves it to the surgeon to mentally integrate preoperative volumetric image data
like CT or MRI in the surgical environment. Video-endoscopic techniques, such
as laparoscopy, can possibly provide a seamless platform to integrate Augmented
Reality technologies and thus allow more advanced visualization. This has the
potential to o�oad the mental integration of information from the s urgeon, by
direct visualization of hidden structures, and potentially increase the applicabil-
ity of Minimally Invasive Surgery (MIS) techniques in clinical practice as well
as foster further development of these techniques [1].

A key component in visual augmentation is the registration between image
space (where the preoperative images are de�ned) and surgical space (where the
endoscopic camera is operating). Our work is speci�cally motivated by augmen-
tation of laparoscopic hepatectomy and aims at integrating visualizationof major
vessels and targeted tumors as well as preoperative resection planning informa-
tion into the endoscopic images. Visualization of such features could enhance



2

the safety and e�ciency of this minimally invasive approach. We are focusing on
the initial phase of this laparoscopic procedure, prior to resection of the liver.

Related works use both arti�cial and anatomical landmarks [2] to drive the
registration. Intraoperative localization technologies include optical [3] and elec-
tromagnetic [2] tracking, and intraoperative imaging has been reportedwith laser
range scanners [4] or a mobile C-Arm [3]. Computer vision algorithms working
directly on the endoscopic images performing 3D reconstructions of the surgical
scenes include shape from motion techniques [5{7], stereoscopic view calibration
and feature matching [8]. Shading in endoscopic scenes was explored some years
ago [9, 10], but without exploiting this to perform image registration. Recently,
the pq-space registration [11], a shading-driven algorithm without an explicit 3D
reconstruction, provided interesting results.

A complete augmentation algorithm would comprise four main steps: (1)
Image segmentation of the organ from video images; (2) 3D reconstructionof
the organ; (3) A�ne registration to a preoperative model; (4) Deformable reg-
istration to cope with intraoperative deformations. This work presents a novel
method to address steps 2 and 3 and provides a proof of concept that shading
information can drive surgical augmentation. Segmentation is assumed to have
been performed, and intraoperative deformations are regarded as an additional
source of registration error to be addressed in future work.

2 Methods

2.1 3D Reconstruction from a laparoscopic image

The classical shape from shading (SfS) problem amounts to reconstructing a
3D model from an image, given surface, light source and camera models [12].
In video-endoscopic surgery the point light source position can be assumed to
be the camera optical centre. Together with a perspective camera model, this
allows us to use an accurate and fast propagation solution. Moreover, the convex
geometry of the liver allows us to assume the brightest point to be the closest
point to the camera.

SfS usually assumes a Lambertian model of the interaction of light with the
surface of objects. Therefore, the colour image of the organ is processed inRGB
space to estimate its di�use (Lambertian) component. The basic assumption
taken is that interre
ections, di�use and specular components can be separated
through their characteristic colours [13]. As this assumption fails when any of
the RGB components become saturated, a conservative di�use estimation is
taken: RGB pixels are projected into the di�use colour vector of the object of
interest. On the other hand, specular regions are usually highly saturated, they
are regarded as perfectly perpendicular regions to the light source. Following the
ideas of [13], a detector of these regions in theSUV colour space is heuristically
set: bright (S > 400) and white (jUVj < 10) pixels are labelled as specular.

Let S be the set of 3D points (X; Y; Z ) of the organ imaged by the endoscope.
In the Lambertian SfS problem, the di�use light intensity I i in pixel i satis�es

I i =
�!
N i �

�!
L i (1)
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where
�!
N i and

�!
L i are normalized surface normals and light vectors respectively.

The di�use pixel intensity is normalised with a factor AA that represents the
combined e�ect of object albedo and light intensity. We assume that the liver
surface has approximately constant, but unknown,AA factor that can be esti-
mated initially by the maximum intensity of non-specular points in the imag e.

Taking the formulation of the perspective model of [14] and a light source
located at the camera centre with no attenuation (constant intensity) , we obtain
the partial di�erential equation

I
AA

=
WZ

p
f 2(Z 2

u + Z 2
v ) + ( uZu + vZv )2 + Z 2W 2)

; W =
f

p
u2 + v2 + f 2

: (2)

Here (u; v) are the pixel coordinates and f is the known focal length of the
camera.Z , Zu and Zv are the unknown depth at pixel (u; v) and its derivatives
with respect to the pixel coordinates respectively. Equation (2) is solved forZ
using the fast marching propagation approach [15] due to its low computational
cost and stability. The resolution method proposed in [16] is adapted to (2)as
described in [17]. Boundary conditions are simply the initial depth of the one only
local minima (the closest point to the camera), set to an arbitrary value (with
a perspective camera model, this value determines the scale of reconstructed
geometry).

From the depth �eld Z , we can reconstruct the objectQ by a projection in
the camera coordinate frame. Note thatZ , and henceQ, can be scaled according
to the (unknown) distance to the camera and that the AA factor has a stretching
e�ect on the shape. The scale (distance to the camera) and theAA factor thus
become additional degrees of freedom in the registration.

2.2 Registration of shapes

The SfS reconstructed geometryQ is next registered to the preoperative seg-
mented model of the organP. The former corresponds only to the part of the
model P seen by the endoscopic camera. The eight degrees of freedom of the
problem are the camera pose relative toP (position t and orientation R), as well
as the unknown projection scales and the AA factor. Our approach combines
the iterative closest point (ICP) algorithm [18] with a separate opti mization of
the two additional degrees of freedom. Given an initial estimate forAA , our
algorithm consists of:

1. A Principal Component Analysis (PCA) initialization: camera pose and scale
are computed by aligning the principal axis of Q and the principal axis of
the visible part of P under an overview camera pose.

2. An iterative optimization of a scale-weighted 3D Euclidean distance in three
steps: (i) camera pose update, (ii) scale update and (iii)AA factor update.

Similar to [5], we use a PCA of shapes to get an initial scale and camera pose.
This is needed at the �rst frame of a surgical video sequence, or when the system
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requires a registration reset. The assumption is that the laparoscope capturesan
overview ofP, and the imaged side ofP is approximately known. Such conditions
are easily obtainable in our target application. With this assumption it is possible
to de�ne an overview camera pose, simply set above P at enough distance to
capture the whole object on its correct side. We then renderP using a virtual
camera situated at this initial position and orientation. Reading back the depth
bu�er, we get a cloud of points which is an approximation of the part of P that
Q represents. We then perform PCA on this cloud of points as well as on the
points of the reconstruction Q. Aligning the centers of mass and the eigenvectors
of the covariance matrices of these two clouds of points, we get an initial estimate
of the camera pose. Moreover, the average ratio between the eigenvalues of the
covariance matrices gives us an estimate of the initial scale.

We de�ne a cost-function M as a modi�cation of the 3D Euclidean distance
metric commonly used for the ICP Algorithm [18]. The cost-function proposed
in [19] reduce the probability of collapsing towards a degenerate solution with
null scale (which corresponds to a global minimum of the pure 3D euclidean
distance metric). By weighting the 3D euclidean distance fromQ to P by the
scales of Q raised to the cubic power, the cost-function will penalize small scale.
To each of then points qi of Q we associate its closest pointpi on P. Our metric
M can then be expressed as

M =
1
n

P n
i =0 jjpi � sRqi � t jj2

s3 : (3)

Although AA is not present in this equation, it in
uences the shape ofQ and
hence the (qi ; pi ) associations. We use a precomputed distance �eld of the pre-
operative model (see Fig.1) to speed-up the metric computation. This allows an
e�cient search of the closest point and closest distance. Additionally the direc-
tion to the closest point on the model can be computed using the gradient of
the distance �eld.

Fig. 1. Distance �eld of a preoperative model.

The �rst step in the M optimization computes the camera position and ori-
entation while maintaining s and AA �xed, using the ICP algorithm with the
closed-form solution presented in [20]. The second step optimizes the scales of
Q. SinceQ is de�ned in the camera reference frame, changings also translates
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the shape. AssumingQ su�ciently centered around the optical axis the transla-
tion along the camera viewing direction Z is dominant. We therefore optimize
simultaneously s and the camera translation tz along Z , while keeping the other
parameters constant, using the Nelder-Mead simplex optimization algorithm.
Similarly, the third step uses the same algorithm to optimize AA and tz while
keeping s and the other degrees of freedom of the camera pose constant. Each
step is stopped when it converges to a given threshold or when its the number
of iterations exceeds a maximum number. The global algorithm is stopped when
none of the sub-algorithms improve the metric signi�cantly anymore, or when
the total number of iterations reaches a global maximum.

3 Results

The 3D reconstruction and rigid alignment was tested against a gradually more
complex and realistic situation, see Table 1. A validation workbench was built
to get quantitative results with real images. A set of laparoscopic images and a
MRI scan of static objects were acquired. The video images were taken with the
left channel of the VISTA 8191-2 endoscope (Vista Medical Technologies, Inc,
CA, USA) using a �eld of view of 70 degrees. The MRI scan was segmented,
and 3D models of the di�erent objects were built. Virtual images for Tests 1 and
2 were generated by rendering one of these 3D models with di�erent material
properties. Test 3 used acquired laparoscopic images of the same object, man-
ually segmented. Finally, in Test 4, a liver model was used to generate virtual
images. A total of 10 images where processed in each test.

Figure 2 illustrates the process of manual segmentation and automatic ex-
traction of the di�use Lambertian component. This is used for real images of
Test 3. Table 2 presents SfS reconstructions and the �nal registration achieved.
Quantitative results were computed using the following metrics after the shape
alignment: (1) the average 3D Euclidean distance between associated points, the
positional (2) and angular (3) error of the camera pose, as well as the errorin
the albedo recovery (4) when the ground truth is available (virtual case). Table
3 summarizes these errors.

Table 1. Set of tests performed with the associated objects

Test Image Albedo Specularity Light att., distort. Organ deform.
1 Synthetic 1 No No No
2 Synthetic 0.8 Yes No No
3 Real (phantom) Unknown Yes Yes No
4 Synthetic (liver) 0.8 Yes No No
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Table 2. Examples of results achieved in each of the four tests. Two examples oftest
3 are displayed, assumption of homogeneous albedo and illumination is valid for 3a,
whereas not for 3b.

Test Initial alignment Final alignment 3D alignment Reconstruction

1

2

3a

3b

4

Table 3. Quantitative results (mean � standard deviation, n=10) of the �nal alignment
of the algorithm in each of the four tests. 'na' not aplicable. Largest exten t of the
registered object : 99 mm for Tests 1,2 and 3 and 93 mm for Test 4

Test Euclidean distance (mm) Positional error (mm) Angular error (rad) AA error
1 0.426 � 0.114 7.759 � 2.124 0.043 � 0.047 0.019 � 0.008
2 0.476 � 0.157 8.231 � 3.291 0.063 � 0.040 0.006 � 0.009
3 2.211 � 0.947 na na na
4 0.307 � 0.110 3.639 � 2.549 0.050 � 0.041 0.004 � 0.009
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(a)
.

(b) (c) (d)

Fig. 2. Pre-processing done in real images: (a) original image, (b) intensity i mage
manually segmented, (c) di�use Lambertian component, the intensit y used for the SfS
reconstruction (d) non-di�use Lambertian component.

4 Discussion

Our results represent a proof of concept that shading information can drive
endoscopic augmentation. A propagation solution of the SfS problem allows an
accurate 3D reconstruction from an endoscopic Lambertian image (see results
of Test 1). We are able to recover and register surface models even for unknown
albedo and light intensities, as well as in the presence of specularities, both in
virtual (Tests 2 and 4) and real (Test 3) images.

Results obtained from the liver model in Test 4 are more accurate than those
obtained with the simple shape of Test 2. This is probably due to the extent and
shape of the liver which constrain the registration better. One might then hope
to get better results with real images when using a liver rather than the simple
shape of Test 3. It should also be noted that, since the registration procedure
aligns the centres ofP and Q, the target error will smaller than the camera o�set
error reported in Table 3. We think that an image (shading) driven approach
would reduce the misalignments in video augmentation compared to approaches
based on external tracking.

Nevertheless, when the SfS and transformation models are not valid, the
accuracy of the 3D reconstruction and registration decreases. The presence of a
non-uniform light attenuation and interre
ections degrade the performance, as
shown in results in Tests 3. Shading information is noisy in an endoscopic scene,
but the sources of noise are known and can be minimized either in the image
domain [13] or with more degrees of freedom in the registration process. It has to
be noted that reported performance results with real images will improve with an
accurate camera calibration (barril distortion is quite noticeable in laparoscopic
images) and calibration of the camera photometric sensibility.

Although the regions of interest were segmented from the image in this pa-
per, it might be possible to run the registration step without this segmentation
using a more robust implementation of the ICP algorithm such as Trimmed ICP
[21]. Another consideration is the choice of the SfS algorithm. The propagation
approach might be replaced with other existing alternatives [12]. Further work
is therefore needed to harness the potential of shading information.
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Shading has already provided good results in bronchoscopic image registra-
tion [11] without an explicit 3D reconstruction. We believe that working in the 3D
domain is a robust approach to cope with the intraoperative organ deformations.
This also opens an interesting possibility of combining shading informationwith
other cues like motion [5{7] and stereoscopy [8], or even texture or silhouette.
An immediate extension of this work is the combination of 3D reconstructions
from di�erent snapshots, since they can be aligned to the same coordinate frame
of the preoperative model.

5 Conclusion

We have shown the feasibility of using an integrated shape-reconstruction and
image-registration algorithm to drive video-endoscopic augmentation. This is an
interesting approach for applications like laparoscopic liver resection.
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