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ABSTRACT
In this paper we have applied the stacking technique on
images from a medical device. There is an urgent need in
ophthalmology for more cost effective instrumentation for
the early diagnosis of glaucoma, one of the leading diseases
in the cause of blindness worldwide. The current techniques
involve expensive optical equipments generally called fun-
dus camera, which most of the time capture a single high
resolution frame for one eye at a time. In this research we
have used stereoscopic videos of a state-of-the-art 3D reti-
nal camera, which has simpler optics and electronics when
compared to current monoscopic models. Nevertheless, the
cross correlation algorithms for depth computation are very
sensible to image noise and out of focus regions. We demons-
trate the efficiency of our technique on experiments involving
a sequence of images extracted from videos in simulations of
optic nerves using artificial objects.

Categories and Subject Descriptors
D.2.8 [Computer Applications]: Life and Medical Scien-
ces—Medical information systems
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1. INTRODUCTION
According to the World Health Organization there are ap-

proximately 285 million people in the world with some kind
of vision problem [21]. The estimate is that by the year 2020
this number will double [24]. There are many factors which
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influence this estimate, among them the fact that world po-
pulation is growing older, the lack of early diagnosis and tre-
atment of many eye diseases, such as cataract and glaucoma,
among others. Among the diseases related to the posterior
segment, glaucoma is one of the leading causes of blindness
in the elderly population in the world. There are many fac-
tors that may be used to explain why glaucoma is such an
aggressive pathology, such as: far and foremost the fact that
glaucoma in known to be a very hard pathology to detect in
early stage [12], lack of experience in diagnosis by the eye
care professional, lack of good and precise instrumentation.
The Gold Standard procedure for glaucoma diagnosis today
is based on a series of exams. The current diagnosis machi-
nes can be extremely expensive and involve a multitude of
techniques such as HD fundus imaging [4], visual perimetry
tests [16], eye pressure measurement using tonometers [3],
among others. One of the most sensitive techniques among
all these diagnostic tools is the analysis of the changes in the
retinal disc (also known as optic nerve). The optic nerve of
a glaucoma patient undergoes changes that most times are
not perceivable just by looking at retinal images or the other
exam reports mentioned above. The ideal technique for de-
tecting these changes are those that may render accurate
three dimensional information of the optic nerve head, such
as OCT (Optical Coherence Tomography) [8, 28] and flicker
techniques applied to HD retinal images. Nevertheless both
these state-of-the-art techniques, although reasonably avai-
lable in developed countries, are still considered extremely
expensive in developing countries. In order to make other te-
chniques popular, there is a need for more quantitative tech-
niques and also for instrumentation that are not considered
expensive in developing countries. With these motivations
in mind, in this research we pursue to create a 3D retinal
camera based method that is both suitable for quantitative
glaucoma analysis and at the same time much less expensive
than OCT or other systems currently available. Neverthe-
less the images obtained by this new instrument, although
in high quality, have a short depth of focus. This fact alone
is causing imprecision in the cross correlation algorithm for
depth computation [5] and therefore rendering the techni-
que quite inefficient since the device should have sub-pixel
precision in order to be sensible for optic nerve depth diffe-



Figure 1: Fundus image pair.

rences for the same patient. In order to solve this problem
in this paper we show a technique known generally as ”focal
stacking” to produce all-in-focus images that was developed
and applied to the stereo retinal images of artificial models.
This technique is a tool that has gained much interest for in-
dustrial and biological applications, such as photography for
digital cameras [32, 14, 22, 30, 11, 15], and microscopic ima-
ges [9, 1]. To our knowledge the application of all-in-focus
imaging techniques in retinal images is also new and pione-
ered by our group. We compare the results obtained with
and without our stacking technique and show the improve-
ments obtained. We believe that, from the results obtained
here, that the current application is more efficient and may
improve considerably the precision of depth computation in
retinal nerve images.

2. FUNDUS 3D RECONSTRUCTION
Although several techniques have been proposed in the

computational stereo for extraction of three-dimensional struc-
tures (see [5, 26]), few studies have focused on 3D optic disc
reconstruction. Algazi et al. [2] described two techniques
to assess quantitatively the optic disc: in the first one, they
used a sequential monocular display in which the two images
are sequentially flickered, and in the second one they used
stereophotogrammetric digital image processing. However,
using computerized techniques to gauge subtle changes on
Optical Nerve Head (ONH) are more efficient. In this sense,
some works have been carried out [6, 31, 29, 18]. Nakagawa
et al. [18] realized an automatic method for the reconstruc-
tion of the 3D structure of the ONH using the stereo retinal
fundus image pair. The technique applied in our work is
based on Nakagawa’s method.

The first step of this technique is the acquisition of the
stereoscopic fundus images. An example of pair of fundus
images can be seen in Figure 1. Our camera system obtains
synchronous stereoscopic images of the papillary region as
explained in [17]. The fact that image capture is implemen-
ted by two different CCDs at the same time avoids other
problems such as patient or camera movements, which may
compromise the quality of the stereo pair.

These images are the result of 2D image mapped from a
3D scene, and in this mapping process several points of the
scene are related to the same pixel of the image. Stereoscopic
image techniques can be used to recover the information of
the depth lost during the mapping process of the image.

2.1 Movement stabilization
In the general reconstruction processes, it is necessary firs-

tly to implement a pre-processing step to adjust alignment
differences between the two images pair [25]. In the current

work fortunately this process is not necessary due to our
double CCD and optical system. The one concern must be
the time consistency between the image pairs with varying
focus. We must then align the image pairs to avoid noise
from motor or patience movements over time. To do this
we apply a simple technique developed for this research.
First, we convert one of the image pairs to the CIELAB
color space [13]. With this we accomplish to represent the
image in a space close to human vision, and retrieve infor-
mation about the lightness a clear feature of the ONH. We
simply search for a circular region where the lightness is gre-
ater then it’s Otsu threshold [20]. With the bounding box
of the ONH found, they all are simply stabilized by shifting
the images to bring the center of it’s ONH bounding box to
the mean center of all found bounding boxes.

Our experiments in Section 4.1 show that this alignment
process is not expensive computationally and reliable.

2.2 All-in-focus
By combining images captured with different camera set-

tings, one can create a higher quality all-in-focus image.
This is what all-in focus techniques accomplish, and for this
propose, we used the study made by Pertuz et. al [23] as
it better adapts to our problem. In Pertuz study is defined
a metric to find which pixels of the image had a better fo-
cus based on the difference of the neighborhood of the pixel
and its mean. This measure is associated with a selectivity
measure that compute the estimated relevance of the image
features. Then the composition of these two measures is
used to select the image regions with better focus. The last
step is a selective fusion of the images based on the gathered
information. For more details we refer to [23].

The general process to perform an exam with retinography
equipments involve three steps: (1) image acquisition, (2)
image analyses and (3) diagnosis. In traditional retinal ca-
meras both steps (1) and (2) is entirely done in a subjective
manner and depends on issues such as physician’s experi-
ence, type of disease, among others. Even in recent ins-
truments which have almost automatic image capture and
analyses modules, the physician still needs to subjectively
choose different retinal regions manually. With the current
approach presented here these 2 steps are automatic and
therefore remove the interaction in choosing best focus and
image analysis. The technique present here may reduce hu-
man errors in retinal exams and improve ophthalmological
diagnosis of the retina. The physician only needs to centra-
lize the optical disc in the monitor and the equipment can
take a film of the eye fundus with varying focus, create the
all-in-focus image and proceed as usual through the other
steps of the exam.

2.3 Stereoscopic correspondence and Recons-
truction

Given two images of the same scene from two different
points of view, we must find correspondent features in both.
For each pixel in an image the process of stereoscopic corres-
pondence will try to find out the correspondent pixel in the
stereo pair. For this task and the reconstruction we use the
similarity metric and depth calculation presented in [18] but
with changes in the image sampling to improve performance
as explained in Section 2.5. This reconstruction method is
advisable because it does not depends of the several para-
meters, solving the same problem stylishly.
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Figure 2: Main steps of the pipeline.
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Figure 3: Denoising process: original data (left) and after
filtering step (right). The colors code the disparity map.

2.4 Noise removal
Noise is ubiquitous in the process of cross-correlation in

stereoscopic pairs [27, 6]. In our framework, we use the
same density-based denoising method proposed by Motta et
al. [17]. This method detects outliers in the disparity map
using DBSCAN clustering algorithm [7].

However, the denoising step can produce unwated holes in
the disparity map. In order to avoid this problem, we smo-
oth the data using the technique proposed by Garcia [10],
which deals gracefully with the missing data while penalizing
any remaining noise. Figure 3 shows our denoising process
in action.

2.5 Sampling
The traditional framework of Nakagawa et al. [18] incre-

ases considerably the resolution of the images by oversam-
pling, consequently increasing the number of depth points
and the computational cost. In our framework, we do not
perform this image oversampling in order to obtain a viable
computational method to attend the ophthalmology proto-
col. This improvement allows our framework to execute in
interactive time.

3. OUR PIPELINE
Our pipeline is simple, as seen in Figure 2, a sequence of

fundus images are captured by the equipment varying the
focus and avoiding image displacements, however we apply
an movement stabilization step to ensure time consistency
between the pairs, as explained in Section 2.1. Then the
all-in-focus technique is applied to compose a single pair of
fundus images. The disparity map is created and we remove
the noise as explained in Section 2.4. From the new map,
depth is calculated by triangulation and interpolated to cre-
ate the mesh. Finally, texture is added to the mesh to form
our 3D reconstruction.

4. EXPERIMENTS AND RESULTS
With the next experiments we demonstrate the robust-

ness of the steps of our method. To create a dataset with a
measured ground truth we modeled three objects in plastic
material. Each of this objects have different excavations size,
they can be seen in descending order of depth in Figure 5.
We refer to the objects in this order by model 1, 2 and 3
respectively. On the objects is hand-painted ONH represen-
tations so we can use our reconstruction algorithm. From
these objects we used a caliper rule to measure a horizontal
cut in each one and we compare this curve with a horizontal
cut of our reconstruction result in Section 4.3. These models
do not perfectly represent a retinal disk, however we will try
to use then to prove that the reconstruction can detect the
changes in the objects excavations. If the excavation change
is clear, then is expected that this behavior will be the same
for the retinal disk. We tried to make images as close as pos-
sible with the images taken during actual practice, at least
in the region of interest, removing illumination problems as
light spots.

In our experiments, we use images with resolution of 640×
480 pixels, the cameras are separated by 120 millimeters
with angle of 87◦.

4.1 Movement stabilization
In order to test our movement stabilization algorithm, we

must validate if the proposed approach finds the region of
interest (ONH in our case) in real world datasets. Figure 4
shows the result of this approach for high (top two pairs)
and low (bottom down pairs) resolution images. The ima-
ges contain noise and different color scales, however, in all
cases the regions of interest are found. As explained be-
fore, our pairs will be already aligned due to the equipment
optics characteristics, but as we use a sequence of pairs to
do the all-in-focus, patient and motor movement can create
differences between the sequence of pair images. With this
method we remove this differences and avoid noise in the
all-in-focus image.

4.2 All-in-focus
Our next experiment compares the results of the all-in-

focus technique applied to our context against user selected
images. We used an average of 30 images for each image ge-
neration. The parameters used in these test were α = 0.001,
Sth = 13 and the size of the focus measure window was 36 in
the notation of [23]. In Figure 6, the top two images are the
pair with better focus from our data, chosen by the user and
on bottom are the pair automatically generated by the all-
in-focus technique. The images are very similar, but in the
white border of the models, the bottom images have better
focus.



Figure 4: Image alignment tests in stereo pairs.

Figure 5: Experiment models.

4.3 Reconstruction
Our main experiment is to reconstruct the three models

from stereo pairs and compare it to the real measurements
of the models. Two reconstruction can be seen in Figure 7,
first with user selected images with better focus and second
using the all-in-focus automatic generated images. The form
of the models are reproduced with some noise in the border
of the surfaces due to occlusion. We proceed then to com-
pare the results with the measures taken of the models. We
compute error measures in the horizontal cuts and a global
dimensionless metric defined as the volume of the ground
truth volume divided by the volume of the reconstruction
(close to 1 is better). The quality of the excavation of the
all-in-focus reconstruction is preserved as it don’t behaves
differently from the user selected images. The volume me-
tric is especially informative as it indicates that both re-
constructions present good representation of the volumes,
however, the all-in-focus reconstruction produced better re-
sults in this case. As can been seen in Tables 1 and Figure 8,
the errors of the both reconstructions are similar. As at the
first approach user interaction was needed, we accomplish
similar or better results with the use of all-in-focus, our goal
with this study.

Figure 6: Two user selected images (top) and its correspon-
dent all-in-focus automatic generated images (bottom).

5. DISCUSSION
The stacking technique is not new in other areas of image

processing [19], but to our knowledge it has not been wi-
despread in the medical area. There are some applications
in biology and microscopy [9] but we have found very few
examples for live in vivo images. In this work we have found
that the depth computation for retinal nerve images is a very
sensible technique, which can be easily affected by noise and
therefore spoil promising results. Because of that one of the
goals was to discover ways in which a series of images, even
better if taken for slightly different focus positions, could be
used to come up with a single best image.

6. CONCLUSIONS
The 3D reconstruction technique presented here may serve

as a prototype for a growing market which is demanding fas-
ter, simpler, easier to operate and more cost effective retinal
cameras. The main factor that makes these devices chea-
per is that they do not require all the state-of-the-art and
gold standard optics for angiography and fluoroscopy, and
red-free that top retinal cameras usually incorporate. The
trade-off is that, because of the simpler optics, these devices
will capture good quality images only at the central retina,
as opposed to devices that may capture 80% of the retina
(www.optos.com). The technique presented allow 3D ima-
ging without the use of special goggles, is easier to use and
operate in certain conditions when limited physical space
and time are required. The main application of this appro-
ach is in screening examinations and progression/treatment
monitoring of glaucoma, and may also be applied to the diag-
nosis of early vision loss in diabetic retinopathy, age related
macular degeneration and other retinal pathologies, there-
fore adding value to current state-of-the-art retinal cameras
as a low-cost preliminary examination instrument. Our next
goal is to apply these same algorithms on in vivo eyes in
collaboration with a physician to evaluate the impact of our
technique in medical diagnosis.
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Table 1: Reconstruction absolute errors, in mm, except for the dimensionless volume metric.

(a) user selected images

Model
Mean
error

Maximum
error

Standard
deviation

Peaks
error

Volume
metric

1 2.8689 8.3554 2.9095 1.1359 0.9568
2 2.4205 6.9620 2.7142 0.0427 0.7984
3 1.5074 3.2711 1.0529 1.0285 0.7695

(b) all-in-focus automatic generated images

Model
Mean
error

Maximum
error

Standard
deviation

Peaks
error

Volume
metric

1 2.4557 7.9311 2.6162 1.3615 0.9750
2 1.2791 4.3066 1.5282 0.3993 0.8508
3 1.4461 3.7170 1.0243 1.5002 0.8343

Figure 7: Top row is the reconstruction with the user selected images, on the bottom row is the all-in-focus automatic images
reconstruction.
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Figure 8: Top row is the reconstruction with the user selected images, on the bottom row is the all-in-focus automatic images
reconstruction.
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reconstruction of the optic nerve head using stereo
fundus images for computer-aided diagnosis of
glaucoma. In SPIE Medical Imaging, pages
76243D–76243D, 2010.

[30] D. Vaquero, N. Gelfand, M. Tico, K. Pulli, and
M. Turk. Generalized autofocus. In IEEE WACV,
pages 511–518, 2011.

[31] J. Xu and O. Chutatape. Auto-adjusted 3-d optic disk
viewing from low-resolution stereo fundus image.
Comput. Biol. Med., 36(9):921–940, 2006.

[32] Z. Zhang and R. S. Blum. A categorization of
multiscale-decomposition-based image fusion schemes
with a performance study for a digital camera
application. Proc. of the IEEE, 87(8):1315–1326, 1999.


	Introduction
	Fundus 3D reconstruction
	Movement stabilization
	All-in-focus
	Stereoscopic correspondence and Reconstruction
	Noise removal
	Sampling

	Our pipeline
	Experiments and Results
	Movement stabilization
	All-in-focus
	Reconstruction

	Discussion
	Conclusions
	Acknowledgments

	References

