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2 Hospital Cĺınico Universitario “Lozano Blesa”, Universidad de Zaragoza.
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Abstract. In recent years monocular SLAM has produced algorithms
for robust real-time 3D scene modeling and camera motion estimation
which have been validated experimentally using low cost hand-held cam-
eras and standard laptops. Our contribution is to extend monocular
SLAM methods to deal with images coming from a hand-held standard
monocular endoscope. With the endoscope image sequence as the only
input to the algorithm, a sparse abdominal cavity 3D model –a 3D map–
and the endoscope motion are computed in real-time.
A second contribution is to exploit the recovered sparse 3D map and
the endoscope motion to: 1) produce real-time photorealistic 3D models
that ease cavity visualization; 2) measure distances in 3D between two
points of the cavity; and 3) support augmented reality (AR) annotations.
All this information can provide useful support for surgery and diagnose
based on endoscope sequences. The results are validated with real hand-
held endoscope sequences of the abdominal cavity.

1 Introduction

SLAM (Simultaneous Localization and Mapping) is a classical problem in mobile
robotics: let be a mobile sensor following an unknown trajectory in an unknown
environment, the goal is to estimate, simultaneously, both the environment struc-
ture –a map of 3D points– and the sensor location with respect to that map.
Recently, SLAM research has focused on monocular cameras as the unique senso-
rial input, giving origin to monocular SLAM methods. 30 Hz real-time systems
estimating full 3D camera motions and maps of 3D points using commodity
cameras and computers have been reported in [1–4].

Our contribution is to extend, and validate with real monocular endoscope
image sequences, one of the leading edge monocular SLAM algorithms [4] for its
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use in medical applications. The primary result is a sparse 3D map composed
of salient points –features– of the observed cavity. The main assumptions are
that the cavity is rigid and that the endoscope undergoes a non-pure rotational
motion. These conditions are fulfilled by a number of medical applications, such
as laparoscopic ventral hernia repairs. The proposed work expands and details
the abstract recently published by the same authors, [5].

Monocular SLAM methods recover the map up to an unknown scale factor,
implying that only relative distances can be measured. However, in practice, a
known size tool can provide the unknown scale factor and hence real distances
can be recovered. Given the probabilistic nature of the SLAM map, the distance
estimates are accompanied by an error estimate. We show how relative distances,
along with the corresponding error estimates, are computed in live real-time
while exploring a cavity.

Besides, the map is used as the backbone for real-time photorealistic modeling
to ease the 3D cavity visualization. The textured 3D model allows the synthesis
of a panorama that expands the limited FOV (field of view) of the endoscope.
Finally, since the camera motion with respect to the 3D map is known accurately
and in real-time, AR annotations can be supported live in medical sequences.

A number of techniques have been developed for cavity 3D reconstruction
from endoscope sequences. [6,7] perform reconstructions using stereo endoscopes.
In both works, the stereo endoscope always points to the same cavity area or
moving organ to obtain the 3D structure. Stereo endoscopes have been success-
fully used in visual SLAM as reported in [8], where the performance of different
image features when medical images are considered is analyzed. This is the clos-
est work to ours. However, we are able to deal with monocular images.

Regarding the usage of monocular computer vision to determine 3D models
from endoscope sequences, a significant paper is [9], where cavity 3D structure
is computed to align it with a cavity CT scan model. More recently, in [10], clas-
sical two view RANSAC+bundle adjustment is applied to mannequin images
to determine the 3D structure. This work presents a constraint-based factor-
ization 3D modeling method from endoscope sequences to produce a dense 3D
reconstruction in near real-time. Compared with these works, we demonstrate
experimentally that our monocular SLAM algorithm features robust real-time
performance when processing real endoscope images.

Monocular SLAM has proven a right tool for providing scene anchor points
and camera motion estimation at frame rate in [2,11]. In this work we show that
AR can be supported when monocular SLAM is adapted to medical images.

2 EKF Monocular SLAM

We focus on the EKF+ID+JCBB monocular SLAM approach. EKF (Extended
Kalman Filter) monocular SLAM was initially proposed in [1]. ID (Inverse
Depth) for map point coding, [4], improves measurement equation linearity and
hence the overall estimation performance. JCBB (Joint Compatibility Branch



and Bound) [12] has proven essential for spurious rejection by enforcing scene
rigidity. This combination was first used for monocular cameras in [13].

The estimated state is a Gaussian vector x that jointly codes the camera loca-
tion with respect to the map, xv, and all map points coded in inverse depth, yi.
The camera smooth motion prior is coded by means of a constant velocity mo-
tion model. Because of that, the camera location xv includes: translation (rW),
orientation defined by a quaternion (qRW), velocity (vW), and angular velocity
(ωR). The Gaussian estimate is defined by its mean, x̂ =

(
x̂>v ŷ>1 ŷ>2 . . .

)>, and
covariance, P . Monocular sequence processing can recover 3D structure up to an
unknown scale factor and up to an unknown 3D transformation with respect to
an absolute reference. To remove the absolute transformation from the estimate,
the first camera is defined as the absolute reference W (see Fig. 1).

2.1 Inverse Depth

Fig. 1. Camera-(1) defines the world frame, W . A feature is observed for the first
time by camera-(2), the feature location is defined with respect to the camera-(2)
pose, (xi, yi, zi)

T , using distance between camera-(2) and the feature, di = 1/ρi, and
a directional vector, m(θ, φ), defined by its azimuth and elevation angles.

ID point coding [4] improves the measurement linearity –and hence the EKF
performance– at low parallax, which takes place when feature depth is much
bigger than the camera translation. At initialization, even features close to the
camera produce low parallax. As a result, ID improves performance even for
maps composed of close features only. An ID feature is a 6 parameters vector:

yi =
(
xi yi zi θi φi ρi

)T (1)

The projection ray of a map point when it is first observed is coded as: xi, yi, zi

(camera location when the point was observed for the first time), and θi and φi

(azimuth and elevation angles), which define the ray unit vector m(θi, φi). Point



depth is coded by its inverse ρi = 1/di, so a point location xi is (see Fig.1):

xi =

Xi

Yi

Zi

 =

xi

yi

zi

+
1
ρi

m(θi, φi), m(θi, φi) =

cosφi sin θi

− sinφi

cosφi cos θi

 (2)

2.2 Data Association and Feature Detection

The quality of the SLAM reconstruction strongly depends on the data asso-
ciation accuracy. Active matching in monocular SLAM combines an accurate
geometrical prediction with an image correlation score. EKF innovation defines
for every map feature a predicted location and an elliptical uncertainty region.
The match is searched for inside this area by correlation with a texture patch,
which in our case is 11x11 pixels in size, stored when the map point is first
observed and warped according to the point-camera relative location. As all in-
novations are highly correlated through the camera location uncertainty, JCBB
is applied, checking if all matches are jointly compatible. If not, a Branch and
Bound algorithm is applied to detect inconsistent matches before the EKF up-
date.

Monocular SLAM in robotics uses a correlation score based on luminance,
neglecting color information. However, internal organ images have high red and
low blue content, so we use the green band, which contains a rich contrast to fire
a point detector and a nice texture to produce distinctive patches for recognition.

To initialize a map point, a Harris saliency detector is applied. In endoscope
scenes the light source is fixed to the camera producing reflections that erro-
neously fire the detector. To remove these reflections we assume they produce
high gray level pixels, and if any pixel in a patch around the feature is over a
threshold, the point is rejected. We use a theshold of 140 over 255.

3 SLAM Geometrical Map Exploitation

Monocular SLAM produces a sparse 3D map and the camera motion along
with the corresponding covariance. We propose using the SLAM map as the
geometrical backbone to support useful information for medical applications.

3.1 Photorealistic reconstruction

A mesh of triangular elastic textured tiles is built on top of the SLAM map. It is
a generalization for 3D scenes of the mosaic method proposed in [14]. The tiles
are defined by a standard 2D Delaunay’s triangulation over a projection of the
3D map on the XY plane of the absolute reference W . 3D triangle texture is
gathered from the images that observe the complete corresponding 3D triangle.
Fig. 2 sketches the photorealistic modeling process.

Since triangulation is a live process –map points, and consequently triangles,
are continuously created, erased and their estimates changed–, maintenance op-
erations are performed to deal with new and deleted triangles as the SLAM
estimation evolves, and to take textures for the triangles from the images.



(a) (b) (c) (d)

Fig. 2. a: Features in 3D, the current image and the world X-Y plane. b: Features
projected onto a X-Y plane and triangulation on this plane. c: Triangulation image
backprojection to obtain textures. d : Final photorealistic reconstruction.

3.2 Distance Measurement

Distance measurements are needed for some surgical procedures, e.g. ventral
hernia repairs where the hole size is used to define the prothesic mesh dimensions.

Given the probabilistic 3D map, up to a scale factor, and an element of known
size, for example a tool, real distances between points of the map, along with
measurement error estimates, are available.

Considering two reference points, (r1, r2), at a known distance, which define
the scale factor, s, the distance between two map points (i, j) is:

d(i, j) = s
dm(i, j)
dm(r1, r2)

(3)

where dm(i, j) and dm(r1, r2) are the Euclidean distances between points (i, j)
and reference points (r1, r2), respectively, measured in the SLAM map.

As the distance is a function of the SLAM state vector, x, the covariance of
the distance estimation can be propagated linearly from the SLAM covariance
by means of the corresponding Jacobian matrix, J:

J =
∂d(i, j)
∂x

,x =
(
xv
> y1

> . . . yr1
> . . . yr2

> . . . yi
> . . . yj

> . . .
)> (4)

where all features are coded in ID. Since d(i, j) only depends on i, j, r1 and r2,
J is sparse, and reduced Jacobian (Jr) and covariance (Pr) matrices are used
instead of the full matrices to compute the measurement error estimate σ2

d:

σ2
d = JrPrJ>r , Pr =


Pyr1yr1 Pyr1yr2 Pyr1yi Pyr1yj

Pyr2yr1 Pyr2yr2 Pyr2yi
Pyr2yj

Pyiyr1 Pyiyr2 Pyiyi
Pyiyj

Pyjyr1 Pyjyr2 Pyjyi
Pyjyj

 (5)

3.3 Augmented Reality

AR annotations in endoscope images need accurate real-time estimates of the
live camera motion with respect to the observed scene. Monocular SLAM based
only on images gathered by a camera has proven capable of providing camera



motion in real-time at 30 Hz, [2,11], for rigid scenes. AR is useful in laparoscopic
surgery because it enables to visualize notations and fuse other modal images,
such as 3D models of CT or MR, with endoscope images live during surgery.

Our contribution is to show that EKF monocular SLAM can be success-
fully applied to support AR annotations using as only input image sequences
corresponding to a real hand-held endoscope observing the abdominal cavity.

4 Results

Experimental validation is performed over real images (360 × 288) at 25 Hz
gathered by a hand-held monocular endoscope observing the abdominal cavity,
the image sequence being the only data input to the algorithm. Real-time per-
formance at frame rate is achieved in all the experiments. Endoscope intrinsic
parameters have been calibrated using a standard planar pattern calibration
method, based on Zhang’s initial solution [15], followed by Bundle Adjustment.
A two parameter radial distortion model has been applied.

In Figs. 3 and 4 the textured triangular mesh model is shown. Despite the
sparse map being composed of a reduced number of points, the photorealistic
model provides easy understanding of the 3D cavity structure. Fig. 4 shows
another example of a 3D live photorealistic model estimate corresponding to the
abdominal wall, during a hernia repair surgery. The video “reconstruction.avi”
shows the live model estimation and a detailed visualization of the 3D model
from different points of view to assess the quality of the model.

Distances, together with their errors, have been calculated relative to a scale.
The conversion to real distances is immediate if the real distance between two
points in the reconstruction is known, as the scale can then be resolved (see Fig.
3). Fig. 3(b) shows the estimation history both for the distance and the error.
Initially, error uncertainty is big, but as the camera translates, point location
error decreases and consequently the distance error decreases as well. As the
uncertainty is computed in live real-time, visual feedback gives the surgeon in-
formation on how to move the camera in order to reduce the distance error (see
video “measurement.avi”).

Since the 3D map and the camera location with respect to the map are
available in live real-time, it is possible to anchor AR annotations to map points.
Fig. 4 shows an AR cylinder, both in 3D and superimposed on the endoscope
live image. As the virtual insertions are fixed to the map, they can be observed
at their real location even when they are out of the camera FOV. The video
“augmentedReality.avi” shows the corresponding movie.

5 Discussion and Future Work

We have shown how cavity exploration with a hand-held monocular endoscope
can be casted as a monocular SLAM problem. A sparse map of 3D features and
the camera motion are computed in live real-time at 25 Hz using the endoscope



Fig. 3. Hand-held endoscope 341 frames sequence. (a) Several frames. (c,d) Photore-
alistic 3D model and distance estimate with the 2σ, 95%, error interval. (b) Historical
distance and error estimates. Notice the error reduction as the camera moves and
gathers information from different points of view providing higher parallax. See also
“measurement.avi” in the additional material.

Fig. 4. Hand-held endoscope abdominal wall sequence. (a) Several frames. (c,d,e) Pho-
torealistic 3D model and an augmented reality cylindrical insertion. (b) AR cylinder
backprojected in live endoscope video. See also “reconstruction.avi” and “augmente-
dReality.avi” in the additional material.

image sequence as only input. The proposed algorithm is the state-of-the-art
EKF+ID+JCBB monocular SLAM approach adapted to medical images.

It has also been shown how, building on the sparse SLAM map, a photore-
alistic model of the cavity can be computed in real time. The sparse 3D map
provides support for AR annotations and 3D distance measurement. Our main
contribution is to show this capabilities on real images gathered by a monocular
endoscope observing the abdominal cavity.

Once we have tested the feasibility of the basic technique several venues of
future work are open. As near future work, experiments to validate accuracy with
respect to a ground truth in medical imagery would be valuable. Additionally, a
cross-fertilization between engineers and physicians is needed to identify medical
procedures that can benefit from the current state of the monocular SLAM
technology; up to now we have focused on the abdominal cavity.

Current algorithms assume: 1) scene rigidity, 2) smooth endoscope motion,
and 3) low motion clutter. These assumptions do not hold in general medical



scenes: non rigidity is almost prevalent, sudden motions are frequent, and tools
cause a significant motion clutter. Thus, future work is being directed to cope
with these issues. Relocation algorithms such as [16, 17] can provide robustness
with respect to non smooth motion or motion clutter. Further research is also
needed in models that code the scene as a deformable one.
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