
Synthesis of Stereoscopic Views from Monocular Endoscopic Videos

Jin Zhou, Qiang Zhang, Baoxin Li

Computer Science and Engineering

Arizona State University, Tempe, AZ

{jinzhou, qzhang53, baoxin.li}@asu.edu

Ananya Das

Mayo Clinic Arizona

Scottsdale, AZ

das.ananya@maya.edu

Abstract

Recent studies have shown that 3D imaging provides

some unique advantages over traditional 2D imaging for

minimal invasive surgery. However, most existing endo-

scopes still use single-lens cameras, and the use of dual-

lens 3D imaging techniques is still limited. This paper pro-

poses an approach to enabling 3D imaging from a single-

lens endoscope by automatically synthesizing stereoscopic

views from monocular images captured by the endoscope.

We first formulate the problem by introducing the notion of

normalized disparity, based on which we show that affine

reconstruction is sufficient for stereoscopic view synthesis.

With this formulation and exploiting other domain-specific

constraints, we then propose a robust structure-from-motion

algorithm for a sparse set of feature points and a fast, lin-

ear interpretation algorithm for creating a dense dispar-

ity field for synthesizing stereoscopic views from original

monocular video. Both synthetic images and real endo-

scopic videos are used to evaluate the proposed method.

The results demonstrate the feasibility and effectiveness of

the proposed method.

1. Introduction

Endoscopy using flexible video-endoscopes is a univer-

sally used procedure for the diagnosis and therapy of vari-

ous pathologies of the gastrointestinal tract. In addition to a

compact video camera, an endoscope is also equipped with

a light source and a manipulator that can be controlled by

the physician to remove some tissues or to perform other

operations. For this reason, it is considered as the vehi-

cle for minimal invasive surgery [3]. Since a monocular

video camera can provide only 2D images, which are dif-

ferent from what the physician can see from the actual sites

of the body, efforts have been spent on the development of

3D imaging systems for endoscopy [3][11]. Recent stud-

ies [16][10][7][1] reported that stereoscopic vision provides

significant advantages over traditional 2D imaging methods

for minimal invasive surgery. For example, the benefits in-

clude faster and safer surgical operations [7] and shorter

learning curve [16].

Stereoscopic vision in endoscopy can be achieved by us-

ing 3D imaging with stereo cameras and special display

systems [11]. However, it has been shown that the cur-

rent stereo-endoscopy still has some limitations [11]. For

instance, the baseline between the lenses of the stereo cam-

eras is fixed (and usually very small) in a stereo endoscope

and cannot be adjusted, resulting inflexible and weak depth

perception; the images captured by the two lenses may suf-

fer from different lighting due to the difference in viewing

angles and/or positions of the two lenses. Consequently,

stereo endoscopic system has yet to gain wide adoption.

In this paper, we present a systematic approach to en-

abling stereoscopic vision in widely-adopted monocular en-

doscopes. We first formulate the problem as one of syn-

thesizing stereo views from monocular endoscopic images,

using the notion of normalized disparity. Based on this,

we show that affine reconstruction is sufficient for this pur-

pose. Then an algorithm is designed to recover the depth

of a set of feature points in each frame based on structure-

from-motion, which is combined with another disparity in-

terpolation step for obtaining the dense disparity field for

synthesizing the stereoscopic views. We prove that a linear

interpolation of the disparity field corresponds to a linear

interpolation in the 3D space, hence verifying the correct-

ness of the algorithm. The synthesized views can then be

used with a proper 3D viewing scheme such as a glasses-

free 3D display as illustrated in Fig. 1. Since the proposed

approach does not rely on stereo cameras, it can avoid many

of the limitations of existing stereo-endoscopy systems as

discussed above. In particular, with the proposed method,

the disparities may be relatively easily adjusted to achieve

desired perceived depth.

The remaining of the paper is organized as follows. We

first briefly review related work in Sec. 2. Sec. 3 presents

the details of the proposed approach. Experimental results

are presented in Sec. 4. Discussion and conclusions are

summarized in Sec. 5.



Figure 1. Illustrating the concept: Given a monocular image se-

quence, the system synthesizes the corresponding stereo images;

the data can then be viewed on a 3D display.

2. RELATED WORK

To assist gaining 3D perception from monocular en-

doscopic images, various techniques have been proposed.

The work of [6][2] combines endoscopic images with other

types of 3D data, which are obtained from Computed To-

mography (CT), or Magnetic Resonance (MR), or Laser

Range Finder (LSR). These methods are not only expensive

but also difficult to use in practical endoscopy due to many

factors such as the sheer size of the required equipments.

Another track of research is to create 3D models purely

from monocular images sequences, which are known as

shape-from-X in computer vision. For example, shape-

from-shading method was used in [14] to obtain the 3D

model from a single frame. The model obtained from this

method is typically very limited in complexity due to the

limited 3D information from a single frame. Moreover,

such a method is typically sensitive to lighting condition

variation, and thus is not suitable for endoscopic images,

in which glares occur quite often, among other lighting ir-

regularities. Shape-from-motion (also known as structure-

from-motion) was used in [15][17] to obtain 3D models.

The work of [15] assumes that cameras only have transla-

tional movement and no rotation, which is too restrictive for

an endoscope. The approaches of [17] rely on factorization

methods to estimate 3D structure. Factorization methods

work for only a weak perspective camera model and usu-

ally require complete point correspondences (i.e. each fea-

ture point should appear in every frame), which are difficult

to guarantee for endoscopic images due to fast backward-

forward motion of the camera and the lack of distinctive tex-

tures, non-rigid motion, noise and glare, etc. Another com-

mon problem with the above structure-from-motion meth-

ods is that the resultant model is usually spiky due to the

sparsity of the feature points, which is not good for 3D

visualization. A method was proposed in [19] to create a

smooth 3D surface by fitting a circular generalized cylinder

with Markov Random Fields. However, this method can

only work with tube-like organs.

There are also some other related efforts for creating

stereo images from monocular image sequences. In [9],

two frames from the monocular video are chosen and recti-

fied into a stereo pair. Such approaches typically require the

camera to move laterally, which is not natural in endoscopic

imaging. Homography-based transforms are used in [8][18]

to create stereo views. However, the methods cannot pro-

duce true stereo images, since pure image transformation

does not introduce depth parallax and thus cannot simulate

camera re-positioning. The method of [4] first computes

the depth for a set of feature points based on a plausible

Euclidean reconstruction, then propagates the depth to all

pixels and uses the dense depth map to create stereo views.

The practical challenge is that accurate dense depth map is

still difficult to obtain and the process is typically computa-

tionally costly.

3. STEREOSCOPIC VIEW SYNTHESIS

FROM A MONOCULAR IMAGE SE-

QUENCE

In this section, we present the proposed approach for

synthesis of stereoscopic views from a monocular endo-

scopic video. We first formulate the problem as one of re-

covering the normalized depth (or disparity) for every pixel

in every frame of the original video, in Sec. 3.1. Then, in

Sec. 3.2 and Sec.3.3 respectively, we present two core al-

gorithms to recover the normalized depth, i.e. sparse depth

recovery via structure-from-motion and dense depth recov-

ery via linear interpolation. The complete approach is then

summarized in Sec. 3.4.

3.1. Formulating the Problem with Normalized Dis-
parities

Stereo images are usually captured by a stereo camera

which consists of two individual imaging planes, as Fig. 2

shows. In general, the configuration of a stereo camera can

be either of the two types: parallel configuration or cross

configuration. In parallel configuration, the principal axes

of the two cameras are parallel to each other and perpen-

dicular to the baseline, as Fig. 2(a) shows. In this case, the

image planes are aligned. On the other hand, for cross con-

figuration, the principal axes intersect at a finite point, as

Fig. 2(b) shows. These two different configurations lead to

different properties of the stereo images. In the parallel con-

figuration, there are only horizontal disparities in the stereo

images, while in the cross configuration, there are both hori-

zontal and vertical disparities. In practice, stereo images are

usually captured by the stereo camera with the parallel con-

figuration. If we have the stereo images obtained from the

parallel configuration, it is possible to obtain the stereo im-

ages from the cross configuration by applying some trans-

formations [20]. Thus we will focus on only the parallel

configuration in the subsequent discussion.

From Fig. 2(a), it is easy to derive the relationship be-



(a) (b)
Figure 2. Stereo camera configurations. (a) Parallel configuration:

the principal axes are parallel and perpendicular to the baseline.

(b) Cross configuration: the principal axes intersect at some finite

point.

tween the depth L of an object and its disparity d:

d =
fk

L
(1)

where k is the baseline and f is the focal length. We can

rewrite Eqn. 1 as d = λL−1, which suggests that if the

depth of every pixel is known, we can synthesize a stereo

pair from a single image by choosing an appropriate scaling

factor λ:

Ir(x
′, y) = Il(x, y)with x′ = x+d(x, y) = x+λL−1(x, y)

where Il is the original (left) image and Ir the correspond-

ing stereo image. Il(x, y) denotes the pixel value of the

point (x, y) on the original image.

During the acquisition of an image sequence, the focal

length of the camera may change. If we assume that the

baseline of the stereo camera does not change, i.e., k is con-

stant, then we need to scale the depth according to the focal

length: L̂ = L/f . We call L̂ the normalized depth, which

corresponds to a camera whose focal length is equal to 1.

Thus we modify the correspondence relation in Eqn. 2 as

x′ = x+ λL̂−1(x, y) (2)

We further define the normalized disparity as the inverse of

the normalized depth, i.e.,

d̂ = L̂−1 (3)

Thus x′ = x + λd̂(x, y). Therefore, the problem of syn-

thesizing stereo images from a monocular image sequence

is equivalent to estimating the normalized depth or normal-

ized disparity for every pixel in every frame.

3.2. Depth Recovery via Structure-from-Motion

Given an image point, if we know its corresponding 3D

position X and also the camera parameters, the normalized

depth L̂ can be calculated as

L̂ = X̂(3)with X̂ = KR(X−C) = (u, v, L̂)T = L̂(x, y, 1)T

(4)

where K is the camera internal matrix, R the camera orien-

tation, and C the camera center. X(3) denotes the third ele-

ment of X . X and X̂ are both inhomogeneous coordinates

which are 3× 1 vectors. (x, y, 1)T is the homogeneous co-

ordinates of the image point, which is equal to (u, v, L̂)T up

to a scale factor. X̂ is the new coordinates of the 3D point

in which the world coordinates system is the same as the

camera coordinates system and the camera internal matrix

is equal to identity (i.e. with a focal length 1). We call the

3D space of X̂ normalized 3D space. In the normalized 3D

space, the z coordinate of X̂ corresponds to the normalized

depth.

The problem of recovering the 3D information of image

points as well as the camera parameters from multiple views

is the well-known structure-from-motion (SfM) problem in

computer vision. Formally, the problem can be stated as:

Given a set of point correspondences {xj
i} , where xj

i is the

2D projection of i-th point on j-th frame, recover the 3D

coordinates of the points Xj and camera information {Pj},

with x̃j
i ← PjX̃i, where x̃j

i is the homogeneous coordinates

of xj
i and X̃i is the homogenous coordinates of Xi. Pj =

KjRj [I| − Cj ] is a 3× 4 matrix.

Fig. 3 illustrates the typical process of structure-from-

motion. We simulate a camera moving inside a torus (mim-

icking the endoscope inside the human intestine).

Without camera calibration information (i.e., unknown

), we can only obtain a projective reconstruction for the ini-

tial two cameras from the fundamental matrix F . Thus the

whole reconstruction is also up to a projective transforma-

tion, since

x̃j
i ← PjH

−1HX̃i (5)

where H is a 4 × 4 non-singular matrix. Eqn 5 means

that if {Pj , X̃i} is a valid 3D reconstruction for xj
i , then

{PjH
−1, HX̃i} is also a valid 3D reconstruction for xj

i . In

a projective reconstruction, the depths of points may not be

uniquely determined and thus cannot be directly used for

stereo rendering. This can be seen from the following anal-

ysis. We first rewrite Eqn. 4 as

X̂ = P (XT , 1)T = (u, v, L̂)T (6)

This can be further rewritten as (assuming that the ho-

mogeneous coordinates of X is X̃ ← (XT , 1)T :

X̂ = PX̃/X̃(4) = (u, v, LT )T (7)

where X̃(4) is the fourth coordinate of X̃ . Thus we have

L̂ = M(3)/X̃(4) (8)



(a) (b) (c) (d)
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Figure 3. Structure from motion. (a) is the outside view of a torus.

The camera is moving inside the torus and takes 200 views. (b) to

(d) are three different views in the image sequence. (e) is the point

correspondences between (b) and (c). (f) and (g) draw the epipolar

lines for (b) and (c) respectively. (h) and (i) draw the reprojected

points (in cross) and original points (in circle) for (b) and (c). (j)

draws the reprojected points and original points for (d). (k) and (l)

show two views of the reconstructed points and cameras.

where M = PX̃ and M(3) is the third coordinate of M . If

we apply a projective transformation to the reconstruction

such that P ′ = PH−1 and X̃ ′ = HX̃ , the new normalized

depth is

L̂′ = (P ′X̃ ′)(3)/X̃ ′(4) = (PX)(3)/X̃ ′(4) = M(3)/X̃ ′(4)
(9)

Comparing Eqn. 9 with Eqn. 8, we can see that

the only difference is in the last coordinate value of the

homogeneous coordinates of the 3D point. After applying

a projective transformation, this value may be changed.

Thus applying a projective transformation will alter the

normalized depth and then the projective reconstruction

cannot be used for stereo view synthesis. However, affine

transformation does not change this value, since the last

row of any affine transformation matrix has the form

(0, 0, 0, 1)T . To formally state this result, we introduce the

following lemma:

Lemma 1: The normalized depth is invariant under affine

transformation.

Lemma 1 suggests that affine 3D reconstruction is good

enough for stereo view synthesis. In other words, stereo

view synthesis based on affine 3D reconstruction is as good

as that based on Euclidean 3D reconstruction.

There are various techniques to rectify a projective re-

construction to an affine reconstruction and further to a Eu-

clidean reconstruction ([5]). Essentially, to obtain a Eu-

clidean reconstruction from a projective reconstruction is

equivalent to performing camera calibration, either man-

ually or automatically; conversely, once we have camera

calibration information, we can directly obtain a Euclidean

reconstruction. However, to obtain an affine reconstruc-

tion is only equivalent to identifying the plane at infinity

or the infinity homography (the homography of the plane

at infinity), which is a much weaker requirement. In par-

ticular, it is shown in [5] that, for pure camera transla-

tion without rotation and change in the internal parameters,

F = [e]× = [e′]×, and one may choose the two cameras as

P = [I|0] and P ′ = [I|e′] for affine reconstruction.

In our application, since the dominant motion of the

endoscope is forward-backward translation, within a very

short period of time the camera motion will be mostly trans-

lational. Therefore, we can utilize the above result for initial

affine reconstruction by picking two initial frames that ex-

hibit no camera rotation. (This can be done automatically

by assessing the goodness of fit of the simplified fundamen-

tal matrix with the data.) Then for other frames, we simply

use the affine reconstructed points to estimate the camera

information. The estimated new cameras and new image

points will be used to further reconstruct new 3D points. Af-

ter we have an affine 3D reconstruction of the cameras and

the feature points, we can compute the normalized depth for

each point in each view based on Eqn. 8. Note that we do

not assume that the camera does not change orientation all

the time. The only assumption is that there is no relative

rotation for the chosen frames for the initial reconstruction.

Assuming mostly pure translational movement in initial

reconstruction also leads to another advantage: both the

fundamental matrix computation and the 3D reconstruction

are much more robust, due to the reduced degrees of free-

dom from 8 (for the original 3 × 3 fundamental matrix) to

2 (for the new fundamental matrix that can be represented

by the epipole, which is a 2D image point). The advan-

tage is significant because the endoscopic data are usually

near degenerate for general fundamental matrix computa-

tion, i.e. the depth variance is small and the motion is also

small, which makes the computation very unstable. Fig. 4

illustrates the difference of the results from two different

approaches: reconstruction by general fundamental matrix

computation and reconstruction by assuming only transla-

tional movement. In the figure, the two frames were chosen

so that there is mainly only translational motion between

them. We might find many good planes. However, a nu-

merically good model does not necessarily match the real

model. As a comparison, Fig. 4(e) (h) give the results

under the assumption of only translational movement. In

this case, we compute a special fundamental matrix model

which has only 2 degrees of freedom. The new epipolar
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Figure 4. Comparison of the reconstruction results without the as-

sumption (first row) and with the assumption of pure translation

(second row). Green lines are the epipolar lines, which corre-

spond to the computed fundamental matrix. The first two columns

are the original image pairs, last two columns are the views of the

reconstructed point clouds of the organ walls from different per-

spectives.

lines are matched, and the reconstructed model is much bet-

ter since a well-defined structure can be derived from the

point clouds.

3.3. Disparity Interpolation and Stereoscopic View
Synthesis

The outcome of the SfM process is the camera param-

eters for each frame and a set of sparse 3D points, which

project to each of the frames on a set of sparse 2D points.

Therefore, from the SfM process, we only have the depth

for a sparse set of image points. However, to synthesize

a stereo image, we need the depth for every pixel in the

image. To this end, we first introduce the following lemma

that enables us to perform a linear interpolation on the

normalized disparity field, i.e. d̂(x, y).

Lemma 2: Linear interpolation on the normalized disparity

field corresponds to linear interpolation in the normalized

3D space.

We can further show that a plane in the normalized 3D

space corresponds to a plane in the normalized disparity

space, which is illustrated in Fig. 5. The above analysis

shows that we do not need to fit a surface in the normalized

3D space to obtain depth for every pixel. Rather, we only

need to operate on the normalized disparity field. Directly

operating on the normalized disparity field has several ad-

vantages:

1. The disparities can be directly used for stereo image

rendering. If we compute a surface in the 3D space,

we still need to compute the depth for every pixel for

each image and this can be a computationally costly

task;

Figure 5. Mapping between a 3D plane and the corresponding dis-

parity plane.

2. The disparity space is much smaller than 3D space and

thus more robust for interpolation;
3. The 3D space structure is more complex than the dis-

parity field since the data point has one more dimen-

sion.

To synthesize a stereo view from the sparse disparities, we

design a two step approach: 1) interpolate the disparities for

points on a regular grid overlaid onto the image (e.g., each

grid block being of 8 × 8 pixels); 2) synthesize the stereo

view based on the original image and the disparities of the

grid points.

The problem of predicting the values on unknown sites

based on the known values on a sparse set of sites is known

as regression or interpolation. Two popular approaches

for this problem are radial basis function interpolation and

Gaussian Process (GP) regression [13]. However, they are

both computationally expensive when the number of points

is large. In this paper, we propose the following four-step

approach to computing the disparities of the grid points.

First, we do Delaunay triangulation from the sparse 2D

points. After we have a set of triangles, we linearly inter-

polate every point inside the triangle based on the vertices.

In the second step, the disparities of the grid points are de-

termined by those of the underlying pixels (which were in-

terpolated in the previous step). Since the triangles may

not cover all points in the image, there may be some holes.

Thus in the third step we fill the holes. Finally, we perform

a smoothing operation on the disparities of the grid.

The first two steps and the final step of smoothing are

straightforward. For the third step of hole-filling, we use

a modified version of the Laplace interpolation [12] (also

called Laplace/Poisson interpolation). The basic idea of the

algorithm is to construct a linear constraint for each grid

point based on its neighbors. Fig. 6 gives an example illus-

trating the interpolation of the disparities for the grid points

from the original sparse disparities.

After we have the disparities for the grid points, we can

synthesize stereo views from the original images. In prac-

tice, we do a backward mapping for stereo view synthesis.



The procedure is as follows. Firstly, we map the disparities

of grid points in source image into target images. Secondly,

the disparities of pixels other than grid points in the target

image are interpolated from disparities of those grid points.

One practical issue with stereo view synthesis is the

choice of the disparity scale, which corresponds to the

choice of the baseline of a stereo camera. On one hand,

too large a baseline will lead to too large disparities, which

cause difficulty for human to fuse the stereo images in gain-

ing the 3D perception. On the other hand, too small a base-

line does not give rise to good 3D perception. To this end,

we compute a scaling factor from the grid disparities of the

first frame such that after scaling with this factor, the aver-

age disparity of the frame equals to a predefined value (e.g.

10 pixels). Then for each of other frames, the same scaling

factor is applied.

3.4. The Complete Algorithm

We now summarize the previous discussion and pro-

cessing steps into the following complete algorithm.

Algorithm: Stereo Video Synthesis

Input: A monocular endoscopic video

Output: A stereoscopic video with one channel being the

input video

1. Do point tracking to obtain point correspondences

{xj
i};

2. Do structure-from-motion to obtain an affine recon-

struction of cameras {Pj} and points {X̂i};

3. Extract the normalized disparities for points {xj
i}

based on Eqn. 9 and 3.

4. Interpolate the normalized disparities on a regular grid;

Compute a scaling factor λ such that the average of

grid point disparities in the first frame equals to a pre-

defined value; Scale the grid point disparities with λ
for other frames.

5. Synthesize stereo views using the original views and

the grid disparities.

4. EXPERIMENTS AND RESULTS

We present 3 experiments in this section to show the ef-

fectiveness of the proposed approach. In the first exper-

iment, we verify our algorithm using simulated data for

which we have the ground truth model. Experimental re-

sults from 2 different sets of real endoscopic images are

then provided to illustrate the performance of the algorithm

with real images. In our current implementation, the point

tracking module is based on KLT method. Since no code

optimization has been done, the speed performance is not

evaluated. In all the 3 cases, we have created video clips

to facilitate the visualization of the final results. The videos

are available from supplemental materials and viewed with

a simple red-cyan glasses.

4.1. Results from Synthetic Data

We have already seen the synthetic data in Fig. 3, where

we illustrated the results of the SfM process. Here we

present the results of disparity interpolation and the synthe-

sized stereo views, which are shown in Fig. 6. Due to space

limit, only four frames are picked to illustrate the results

at different stages. Comprehensive demos can be found in

the supplemental video. The frame indices are 0, 2, 11 and

29 respectively. In the beginning frames, the triangles ob-

tained from the projected 3D points cannot cover the whole

image, as shown in the first three images of the 1st row of

Fig. 6. As the camera moving forward, the uncovered re-

gion becomes smaller and smaller, since the moving direc-

tions of feature points are outward. The 2nd row shows the

final dense disparity map after grid disparity interpolation,

hole-filling by Laplace interpolation and smoothing. While

frame 0 still contains black regions (since the disparities of

all the boundary points in frame 0 are zero), the holes are

successfully filled in frame 2 and frame 11. From the con-

straints of the Laplace interpolation algorithm, we can see

that the disparity of the boundary points depends only on

that of the boundary points. Once there is one non-zero

boundary point, all the black region will be filled. The result

of frame 2 shows that even large black regions can be rea-

sonably interpolated. The 3rd row shows the ground truth

disparity map for each frame, which are exactly the same

due to the experiment setup. For comparison, we scale the

disparity map such that the mean value is the same as that

of the result of frame 29. Comparing the 2nd row and 3rd

row, we can see that the result of frame 29 is very close to

the ground truth, except that it is more blurred, due to the

smoothing operation. The result of frame 11 is also close

to the ground truth, except some artifacts in the lower left

corner, which are interpolated black region. Other black re-

gions of frame 11 are gracefully interpolated. The artifacts

in frame 2 are more obvious, but still tolerable. In our visual

tests, the synthesized stereo view of frame 2 can still pro-

vides good 3D experience. The stereo results of all frames

can be examined from the video supplement materials.

Since the stereo images are synthesized based on the dis-

parity map, we can measure the quality of the final results

by evaluating the precision of the reconstructed disparity

map. To do this, we calculate the average difference be-

tween the ground truth disparity map (the fourth row in Fig.

6) and the reconstructed one (the third row in Fig. 6) for

each frame. Because the disparities are up to a scaling, we

normalize all the average disparity differences by dividing

them with a constant value, i.e. the average value of the



(0) (2) (11) (29)
Figure 6. Results of synthetic data. Intermediate results of four

frames (0, 2, 11 and 29) are shown. The 1st row is the dense

disparity after triangulation and interpolation. The 2nd row shows

the final dense disparity after grid point sampling, holes filling and

smooth. The 3rd row shows the ground truth disparity image (after

properly scaled). The 4th row shows the synthesized stereo views

in red-cyan format. The last row is the frame index.

Figure 7. Precision of the disparities.

ground truth image (In our simulation, the ground truth dis-

parity map is the same for every frame and the average value

is 122.7 in Fig. 6). Fig. 6 shows the precision results. We

can found that only the first two frames have large errors.

The reason is that there are large black regions even after

interpolation. From the third frame, the error quickly drops

to 5 percent (of the average disparity). Note that in Fig. 6,

frame 11 still has some black regions. This shows that the

precision of our disparity map is high and our method is

robust to incomplete information.

4.2. Real Data Experiments

2 real monocular endoscopic videos were used to test the

method. From Fig. 8 and Fig. 9, we present the results on

these 2 different datasets, with the name CREEL and GRAY

respectively. For each dataset, the dense disparity maps and

(0) (12) (19) (45)
Figure 8. Results of real endoscopic data (CREEL).

the synthesized stereo views from four samples frames are

presented (see 2nd row and 3rd row of each figure). The

last row of each figure shows the frame indices and the 1st

row shows the original frames. Unlike the synthetic data,

all of the real datasets are very challenging. For instance,

the white glare points change as the camera moves; the sur-

face tissue is non-rigid; some fluids may flow on the lens

and etc. All these challenges make the point correspon-

dences calculation difficult, or simply fail, especially for a

long sequence. In implementation, we cut a long sequence

into small segments and we process each segment individ-

ually. For CREEL and GRAY datasets, a segment contains

20 frames. Another practical challenge is that most of the

feature points are nearly coplanar, which means a near de-

generated situation for 3D reconstruction. As described in

Sec. 3.2, we exploit the translation movement of the endo-

scope and thus simplify the fundamental matrix model sig-

nificantly, which makes the reconstruction algorithm more

robust for near degenerated cases. Such simplification also

directly leads to affine reconstruction from uncalibrated im-

ages. Other robust techniques we used include RANSAC

and bundle adjustment. As a result, despite the above chal-

lenges of real endoscopic data, our method can still success-

fully recover the camera motions and many 3D points. The

dense disparity maps correctly reveal the general relative

depth, although there are also some inconsistencies. We

visually inspected the synthesized videos using red-cyan

glasses and strong 3D experiences were experienced.

5. CONCLUSION AND DISCUSSION

This paper presents an approach to synthesize stereo-

scopic views from monocular endoscopic videos. A gen-

eral framework as well as the detailed implementation were

introduced. The framework consists of two major steps:

structure from motion and disparity interpolation. We pro-

posed the concept of normalized disparity, which can be

computed from the SfM results and used for stereoscopic
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Figure 9. Results of real endoscopic data (GRAY).

view synthesis. We proved that affine reconstruction is

enough for stereoscopic view synthesis, although a good 3D

model usually requires Euclidean reconstruction. To obtain

an affine reconstruction from uncalibrated videos, we ex-

ploit the fact that the endoscopy camera has nearly trans-

lational motion for much of the acquisition time. By as-

suming two initial frames with no relative rotation, the fun-

damental matrix computation becomes much more robust

due to significant reduction of the degrees of freedom. As

a result, the 3D reconstruction is also much more robust

than the approach which assumes general motion. We also

proved that linear interpolation in the normalized disparity

field is equivalent to linear interpolation in the 3D space.

This result justifies our approach of linear disparity inter-

polation. Experiments demonstrate the effectiveness of the

proposed approach.

Currently, the dense disparity map still contains incon-
sistencies, due to the errors from the SfM process. We
plan to improve the robustness of dense disparity map cal-
culation by exploring more sophisticated interpolation and
filtering algorithms. Another possible direction is to esti-
mate the disparities for more feature points (in addition to
the initial tracked feature points), which will make the fi-
nal disparity map more accurate. Among others, another
future task is to tackle the issue of real-time implemen-
tation of a complete system based on the proposed algo-
rithms.
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