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ABSTRACT 

For humans, retinal images provide sufficient information for 

the complete understanding of three-dimensional (3-D) shapes in a scene. 

The ultimate goal of computer vision is to develop an automated 

system able to reproduce some of the tasks performed in a natural 

way by human beings as recognition, classification, or analysis of the 

environment as basis for further decisions. At the first level, referred 

to as early computer vision, the task is to extract symbolic 

descriptive information in a scene from a variety of sensory data. 

The second level is concerned with classification, recognition, or 

decision systems and the related heuristics, that aid the processing of 

the available information. 

This research is concerned with a new approach to 3-D object 

representation and recognition using an interpolation scheme applied 

to the information from the fusion of range and intensity data. The 

range image acquisition uses a methodology based on a passive 

stereo-vision model originally developed to be used with a sequence 

of images.^^ However, curved features, large disparities and noisy 

input images are some of the problems associated with real imagery, 

which need to be addressed prior to applying the matching 

techniques in the spatial frequency domain. Some of the above 

mentioned problems can only be solved by computationally intensive 

spatial domain algorithms. Regularization techniques are explored for 

surface recovery from sparse range data, and intensity images are 

incorporated in the final representation of the surface. As an 

important application, the problem of 3-D representation of retinal 

images for extraction of quantitative information is addressed. 



Range information is also combined with intensity data to provide a 

more accurate numerical description based on aspect graphs. This 

representation is used as input to a three-dimensional object 

recognition system. Such an approach results in an improved 

performance of 3-D object classifiers. 
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CHAPTER 1 

INTRODUCTION 

The goal of a machine perception system in the context of 

computer vision, is to automatically interpret visual information 

from specific representations of a real scene for pattern recognition, 

object classification, or just better scene analysis and understanding. 

Digital intensity images, also known as brightness, luminance, or 

irradiance images, have been extensively studied in image processing 

and computational vision in the last three decades. As in human 

visual perception, however, information concerning distance between 

the observer and different points in a 3-D scene is essential for 

complete analysis and description of real scenes. Such information is 

contained in a digital range image or depth map. 

Range images can be obtained using a number of different 

active or passive sensing methods. Direct and active range finding 

includes radar, ultrasonic and light time-of-flight estimation with 

different variants.^ These procedures involve a controlled energy 

beam using reflected energy detection. Passive monocular range 

finding includes texture gradient analysis,^'^ photometric analysis of 

surface normals from reflectance,"^'^ shape from shading,^ or depth-

from-focus methods."^ Contrived lighring approaches include stripped 

and grid lighting,^ patterned lighring, and Moire fringe analysis.^ This 

class of range finding methods involves illuminating the object with 

controlled lighting and interpreting the pattern of the projection in 

terms of the surface geometry of the object. Passive techniques also 

include depth detection from multiple views, stereo vision and other 

motion related techniques.^^'^"^ Most of these are geometric 
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triangulation systems based on the analysis of at least two 

perspectives of a scene. In binocular stereo-vision, two images 

recorded from different perspectives are used. The key problem in 

stereo computation is to find corresponding points in the stereo pair. 

The difference in the positions of the corresponding points in the 

stereo images is called disparity . Computing range-from-stereo 

requires first matching the images taken by the left and right 

cameras to determine dispariries, and then transforming these into 

depth information. Two different methods of camera positioning 

have been analyzed, convergent and non-convergent. In the first 

case a complicated set of simultaneous equations involving polar to 

rectangular transformarions has to be solved.^ In the non-convergent 

system a simple geometric relation has to be established for finding 

depth from disparities.^^ The occlusion problem presented in these 

methods has been examined by using a sequence of several images 

from the same scene. ̂ ^ 

In general, passive methods have a wider range of applicability 

since no elaborate source of illumination is involved. However, the 

resolution of the depth map obtained depends strongly on the 

availability of enough features of the scene under study. The 

methodology addressed in this research is based on a stereo vision 

model for three-dimensional surface recovery. Several approaches 

have been attempted in the past with the ultimate goal of providing 

a consistent theory of the human visual system. Among these, the 

model of Marr and Pogio^^ based on the use of multilevel zero 

crossings as features, is one of the most well accepted. The output of 

their model, as is the case with the majority of stereo vision models, 

consists of sparse depth data located on the edges of the stereo 



intensity images. The geometry of the stereo setup assumes that the 

disparities occur due to the horizontal translation only. Therefore, 

horizontal edges do not provide a good match for disparity. The 

sparse depth data are computed from the corresponding points on 

the vertical edges only. Some surface interpolation should be 

performed to get a dense surface representation of the three-

dimensional topography of a real scene. Crimson^^ extended the 

theory of Marr and Pogio using regularization techniques for 

invariant surface recovery from sparse data. 

The research work presented here offers an improved stereo 

vision model involving an interpolation scheme, together with 

frequency domain and spatial domain matching techniques. The 

stereo vision model was initially developed using a sequence of 

images for better resolution and avoidance of occlusion.^^ However, 

this model assumes small disparities between consecutive images in 

the sequence and it works well when rectangular features are 

involved in the sequence, or when computer generated imagery is 

used. In the case of fundus images, however, only a pair of stereo 

images with large disparities is usually available. So an alternative 

approach based on a hierarchical search of feature-oriented 

disparities has been developed. Matching techniques implemented in 

the spatial domain as well as the spatial frequency domain, provide 

the measurement of disparities between corresponding areas as 

described in Chapter II. The main objection about the use of 

techniques in the spatial domain is that they are computationally 

intensive. However, this apparent problem is minimum when small 

windows are used to obtain the corresponding disparity in the finest 

details. As discussed in Chapter 11, curved features and large 
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disparities can be a strong limitation to the use of techniques in the 

spatial frequency domain for the window matching involved in the 

process of disparity-finding. Because the values of the specific 

disparities are accumulated in a size-decreasing area, the resulting 

depth map is formed of a rectangular array with disparities encoded 

as gray levels. A cubic B-spline interpolation technique is then used 

to provide a smooth surface. In addition, the dense depth map 

obtained is combined with a linearly stretched intensity image, 

yielding a composed image from which a 3-D surface reconstruction 

is obtained. 

One important application of 3-D surface reconstruction 

addressed in this research is the analysis of the optic nerve head 

topography. The primary consequence of elevated intraocular 

pressure in an eye with glaucoma is progressive atrophy of the optic 

nerve head. A change in cupping of the optic disc is an important 

indication for the ophthalmologist to diagnose and monitor the 

d i sease . Many different techniques for measurement and 

representation of the optic nerve topography have been attempted; 

from stereophotogrammetry in the early years,^^ to computerized 

image analysis in the last two decades.^^'^^ The advantage of the 

computer based analysis of a pair of stereoscopic photographs is to 

automate the labor-intensive task required in photogrammetry, 

providing much more accurate and quantitative information for 

further comparison with photographs taken in consecutive years. The 

methodology presented in this work provides then an important tool 

for the ophthalmologist to obtain more information about the 

topography and blood vessel location of the optic nerve head. 

Quantitative information concerning the optic nerve head, like 



cupping or disc-cup ratio, can be obtained directly from the dense 

depth map initially obtained. 

Once a range image has been obtained from a real object, the 

desire to make a decision about the class to which the object 

corresponds leads us directly to the pattern recognition field. 

Extensive work related to 3-D object recognition based on 2-D 

projections has been reported. A variety of techniques with a 

description of the object in the spatial domain as well as other 

transformation domains have been studied. In the first case, some of 

the techniques include profile matching,^^ aspect graphs,^^"^^ model 

to object correlation,3*^ or the use of moments.^^ In the second case, 

some of the methods include Fourier,^^ Hough,'^^ Mellin,^i Hartley,"^2 

and Mandela/cosine"^^ t ransforms. 

Other techniques utilize the extraction of features to form a 

vector that is used as input to a variety of classifiers, from classical 

Bayesian,"^"*'"*^ to recently developed neural-net-based recognition 

systems."^^ '^^ In the last case, the learning phase constitutes an 

important difference to be considered, i.e., there is supervised and 

unsupervised training. The proposed model-driven technique for 

object recognition will utilize 3-dimensional models of a number of 

physical objects. This technique will be based on the extraction of 

features from stereopsis of 2-D intensity images. In every 

experiment in which 3-D object recognition is attempted, the initial 

step is the definition of the problem. The mathematical model to 

represent the object to be recognized should be as complete as 

possible to provide a good description, and as simple as possible to 

simplify the computation for a real time recognition. Range 

information appears to be decisive for 3-D target recognition, but 
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cur ren t pass ive methods for dep th-sens ing can become 

computationally intensive, which make the execution time an 

important feature to be considered when applied to feature 

extraction for pattern recognition. Aspect graphs appear to be a good 

approach to model 3-D scenes. Most of the current methods, 

however, are object/scene-oriented and a unified criterion has not 

been proposed to provide a general solution for real and natural 

object/scene representation and recognition. 



CHAPTER II 

IMAGE MATCHING 

In recent years much effort has been devoted to research in 

automated computational systems which can imitate the human 

ability of depth perception. However, physiological and psychological 

studies about the human perception of the external environment 

show that a great variety of depth-cues are processed by the human 

brain.^ Among these cues, binocular perspective and stereo disparity 

appear to provide significant depth information that the brain 

processes and is complemented with some other alternative cues. 

The capability of a person to perceive visual scenes with just one eye 

shows how the brain can handle the loss of one sensing device. 

Additional cues for depth perception include texture gradient, size 

perspective, motion parallax, relative upward locations, occlusion 

effects, outline continuity, and surface shading. Ambiguities in 

different sensory information could be processed by the brain 

according to previous experience or formed perception with 

consequent expectations about the 3-D environment. Human stereo-

vision, then, appears to be strongly supported by other factors, 

performing a natural interpolation to provide a dense depth-map 

perception in absolutely real time. There is, at present, no automated 

computational system able to duplicate the human ability of depth 

perception. Most of the current techniques for depth-extraction from 

triangulation rely upon the availability of enough features in the 

scene or the object under study. Random-dot stereograms have been 

used for experimentation on stereo-vision techniques. In these kinds 

of experiments, the exact correspondence is known because the 
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images are generated synthetically and the available features 

provide enough information to get a dense depth-map. The situation 

is different when natural imagery, such as fundus pictures, are 

inves t iga ted . 

Depth from stereo 

Stereo vision allows the recovery of depth information of three-

dimensional scenes by triangulation of corresponding points in a pair 

of stereoscopic pictures.^"^ Resembling the human visual ability, two 

cameras sense the three-dimensional object. There are two systems 

for implementing stereo vision referred as convergent and non-

convergent. In the first case, the two optical axes meet at some point, 

and complicated simultaneous equations must be solved in order to 

find the desired depth. On the other hand, for a non-convergent 

stereo vision model as shown in Figure 2.1, the depth information 

corresponding to the point W, can be derived only by its position 

difference or disparity in the two image planes. In this case the two 

cameras have parallel optical axes separated by a distance B. The line 

of length B connecting the lens centers is called the baseline. By 

simple geometric derivation, it can be shown^"* that if the disparity 

between corresponding points can be determined, and the baseline B 

and focal length f are known, the z coordinate containing the desired 

depth information is obtained from: 

fB 
^ ~ x 2 - x i . (2.1) 
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image 

(x2,y2) 

image 1 

optical axis 

lens center w 

Figure 2.1. Non-convergent stereo vision model. 

Hierarchical search for window matching 

Establishing corresponding points in a pair of stereo pictures is 

the most critical step in depth estimation. In the ideal case, we would 

like to find disparities between every individual pixel in both images 

of the stereo pair, however, it is obvious that the intensity value of a 

single pixel is not enough for finding corresponding points, so a 

collection of pixels in a neighborhood has to be used to match. 

There are basically two categories for two-view matching: area-

based and feature-based. In the first case the matching is performed 

directly from the intensity images based on the analysis of specific 

areas. The corresponding disparity is assigned to every pixel in the 

matching area. In the feature-based case, the techniques employ 

discrete features as points, edges, lines, etc., to be matched.^^ The 

disparity is associated only with those points involved in the 

matching process.^'^^ 
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A coarse to fine strategy is used to explore the two images in 

order to find the corresponding points. The flowchart of the depth-

from-stereo algorithm is shown in Figure 2.2.a. The procedure to find 

the disparity map is shown in detail in Figure 2.2.b. 

(starT) 

Input segmented stereo images 
L(left) and R(right); size wxw 

(256x256) 

Procedure to find disparity-map 

Output artay defining 
tlie disparity-map 

Calculate depth 
from disparity-map 

Plot depth map 

Figure 2.2. Flowchart of the depth-from-stereo algorithm, 
(a) Main program. 
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Beginning of procedure to find dispjirity-map 

I First partition in windows of size 32x32 (nxn) 

I 
For i=l to (w/n)x(w/n) do 

Disparity = 0 
for every pixel 
in the block, 
(no accumulation) 

Find disparity between sections L^i) and R(i) (32x32) and accumulate disp. 

I 
Partition in 4 sub-blocks of size 16x16 

I 
For j=l to 4 do 

Disparity = 0 
for every pixel 
in the block, 
(no accumulation) 

Find disparity between sections L(j) and R(j) (16x16) and accumulate disp. 

I Partition in 4 sub-blocks of size 8x8 

For k=l to 4 do 

Disparity = 0 
for every pixel 
in the block, 
(no accumulation) 

Find disparity between sections L(k) and R(k) (8x8) and accumulate disp. 

I 
Pjirtition in 4 sub-blocks of size 4x4 

I 
For 1=1 to 4 do 

Disparity = 0 
for every pixel 
in the block, 
(no accumulation) 

Find disparity between sections L(l) and R(l) (4x4) and accumulate disp. 

f tttt 

Figure 2.2. (Continued) (b) Procedure to find the disparity-map. 
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In this method the use of a quadrant subdivision with a 

decreasing window size is used to find the translational differences 

between corresponding areas as shown in Figure 2.3. The values of 

the dispar i t ies obtained in each iteration are accumulated 

sequentially in the corresponding position of the disparity map. 

Initial coarse disparities are used further to obtain a finer resolution 

matching. In the algorithm proposed, no fixed number of 

partitionings or minimum window size will be used. The program 

will, rather, determine whether there will be still enough information 

in the subsequent partition, in such a way that a good match could 

still be performed. Figure 2.4 shows two different cases, in case (a) a 

further partition will not provide enough information for matching, 

while case (b) shows a situation in which an additional partition is 

likely to provide a finer resolution match. 

Figure 2.3. Quadrant subdivision for coarse-fine search. 

Intuitively, this situation can be perceived as a problem in 

which texture considerations have to be taken to account. The spatial 
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frequency domain can provide the required information. Since the 

cepstrum transformation^^ j ^ being used to detect disparities, it is 

used to provide, in an intermediate step, a criterion about the critical 

window size for the finest detail. When correlarion in the spatial 

domain is used for finding disparities between corresponding areas, 

the number of zero-crossings related to the specific size of the 

window is used as the criterion to stop the partirioning. 

(a) (b) 

Figure 2.4. Two different cases for minimum window size. 

In the stereo-motion model originally developed to be used 

with a sequence of nine images (D.J. Lee, 1990, ref. 59), small 

disparities between consecutive images in the sequence are assumed. 

The Cepstrum transformation was then proved to be very noise 

tolerant and accurate for the disparity detection. An increase in the 

baseline while decreasing the size of the matching window provided 

the fine resolution in the disparity map corresponding to the original 

sequence of nine images. However, when only one pair of real stereo 

images is available, as is the case with fundus stereo pictures, large 

disparities can occur at any search level. Therefore, a situation like 

the one illustrated in Figure 2.5.b could easily appear. In that case, 

any "single-shot" technique implemented in the spatial frequency 
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domain could not provide a good disparity measurement, because the 

corresponding spectrums, as well as the dominant features in the 

spatial domain would be completely different. Eventually, vertical 

features could provide a good matching as illustrated in Fig. 2.5.c, 

however, when real imagery, as in the case of fundus images is used, 

there is no guarantee that curved features or any other irregular 

shape will not appear. 

(a) 

Figure 2.5. Different cases for window matching, (a) For small 
disparities dominant features are preserved. 
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(b) 

(c) 

Figure 2.5. (Continued) (b) Large disparities are impossible to 
detect using "one shot" techniques in the spatial 
frequency domain, (c) The case of vertical features. 
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Disparity detection and registration techniques 

Prior to 3-D surface recovery, any algorithm searching 

corresponding sectors requires that the two images are pre-aligned, 

so registration of the stereo image pair is required. 

Different techniques for image registration, or alignment have 

been studied. Most of them utilize the discrepancies between similar 

images to quantify translational differences of the images under 

study. These techniques include cross-correlation,^^'^"^ Fourier 

domain manipulat ions,^^ '^^ moment matching,^^ and recently 

developed Cepstral analysis.^^ This last technique has been proven to 

be very efficient only when small disparities are concerned. 

Therefore, other matching techniques in the spatial domain in 

addit ion to cepstral analysis have been employed whenever 

cepstrum matching appears to fail. 

Cepstral analysis 

Cepstrum transformation was initially developed in seismic and 

acoustic signal processing for echo detection.^^ When applied to 

image processing, it has been found to be more noise-tolerant than 

previous techniques.^^ 

The power cepstral transformation is defined as: 

P{ I(x,y) } = I F{ In (I F(I(x,y) P ) } P . (2.2) 

F is the notation for the Fourier transform, and I(x,y) is the 

image function. When I(x,y) is composed of a reference image r(x,y) 

and a shifted version of the same image s(x,y), i.e., 

I(x,y) = r (x,y) + ao r (X-XQ , y-yo), this transform produces an impulse 

t ra in . 
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The Fourier transform of I(x,y) is given by 

F [I(x,y)l = R(u,v) [ 1+ ao exp(-j27i: ( UXQ + vyo )) ] , (2.3) 

where u and v represent sparial frequencies and R(u,v) is the Fourier 

transform of r(x,y). 

When the logarithm function is applied to the power spectrum 

of I(x,y), the multiplicative terms are separated as 

In IF [I(x,y)] 1̂  = In I R(u,v) 1̂  -h hi [ 1 + 2ao cos ( 27i;(uxo + vy©)) + â  ] . (2.4) 

Using the logarithm series expansion the second term can be 

expanded into a convergent infinite series; the application of the 

power spectrum according to the definition of power spectral 

transformation yields: 

P{I(x,y)} = P{r(x,y)} + A 5(x,y)+ B 5(x±xo,y±yo)+ C 5(x±2xo,y±2yo) +... (2.5) 

After removing the power cepstrum of the reference image, the 

translational difference between two images can be detected by 

inspecting the remaining impulse train. In other words, the 

translational difference corresponds to the distance between the 

origin and the location of the first peak in the cepstrum plane. This 

difference is used for finding disparities between corresponding 

areas at each step, whenever small dispariries are involved. 

This difference is used for registration of the images under 

study. Disparities between corresponding areas for computation of 

depth from the stereo algorithm, are also obtained from inspection of 
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this impulse train at each step. Figure 2.6 shows one example of the 

impulse train obtained in the cepstral plane when cepstrum 

transformarion is applied to the composed image. 

Cross- correlation 

In the sparial domain, cross-correlarion (Rfg) between f(x,y) and 

g(x,y) can be implemented by taking the summarion: 

M-l N-1 

Rfg = f(x,y) * g(x,y) = 2 ^ 2 ^ ^*^^^^^ g(x+m , y+n) 
m=On=0 

for x=0,l,..,M-l and y=0,l,..,N-l , (2.6) 

where the cross-correlation itself is a function of the offset variables 

m and n. If the values need only be calculated for some smaller 

region with a good justified guess about where the peak might be 

located, then spatial calculation could be more computationally 

efficient. However, if no initial guess is available, the global solution 

must be performed. Frequency domain cross-correlation is then more 

efficient and preferred. Cross-correlation is also relatively sensitive 

to image noise.^^ In the presence of image noise, the correlation 

function produces a relatively broad peak, thus making a selection of 

a correlation peak difficult. Despite these difficulties, cross-

correlation is, sometimes, the only technique for finding disparities 

between corresponding areas when techniques in the spatial 

frequency domain such as cepstral analysis can not be applied due to 

the presence of non-uniform and large disparities. In the case of 

window matching for disparity detection, the sensitivity of 

correlation is increased with the use of binarized images. The nature 

of the stereo model requires that only horizontal translations be 
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expected. Therefore, the number of computations involved in the 

process of disparity detection by correlation is considerably reduced. 

Comparison of execution time 

In this section, a comparison of execution time between both 

techniques, namely spatial domain using correlation and spatial 

frequency domain using cepstrum transformation is performed. The 

implementation of a fast Hartley transform algorithm using only real 

operations improved the speed of the cepstrum operation as 

compared to the use of the Fourier transform, which requires 

manipulation of complex numbers.^^ 

To demonstrate the difference in the computational speed, a 

random dot stereogram with dense and uniform feature distribution 

is used, in such a way that the number of search partitions is fixed. 

The original stereo images are digitized using an array of wxw bits. If 

a smaller window of size nxn is used in the partition, the number of 

blocks in the partition is given by: 

B = ( w/n )2 . (2.7) 

If we consider an initial window of size n=32, and a minimum 

window size of n=4, we have four sequenrial levels in the search. The 

size of the original stereo images is 256x256. The comparison is done 

only based on the number of mulriplications. 

As can be seen in Table 2.1, the number of multiplicarions 

required for the correlation increases in proportion to n^. This is 

especially critical in large matching window sizes. However, the 

finest details are obtained through small windows which, when 

implemented in the spatial domain, require a number of 

20 



00 

C/3 

.2 
x: 
o 

c 
o 

.1—( 

o 
X 

W 

X) 

3 
E 

JO 

e 
3 c 

o 

a. o o 

> 

X! 
O 

O 
o 

CO 
c o 
cj 
O 

3 

o 
Z 

5 
o 

•a 
a 

u a. 

s 

a, 

b o 
(J 

C 

O 

U. C 
O N | < N 

c 
00 
o 
c 

en 
G 

04 

s| 

O oo 

ON 

vo 
CO 
r-Tf 
oo 
oo 

Tt 
(N 
oo ON 
oo 
«o 

oo 
vo 
r^ 
oo 
fN 

16
O

8O
 

vo O N 
T - ^ 

2
8
6
4

 

r̂  
»n 
'"' 

96
48

 

r̂  • — < 
. — < 

64
32

 

00 
r^ 

50
24

 

0 
»o 
*n 

rt 
0 
m 
t̂ o\ 

. — « 
-"̂f 

<s 
«o . — < 
r-ON 
0 
(S 

vo 
r̂  . »o 
00 
^ 
0 
> — « 

00 
00 
(N 
Tj-
<N 
«o 

0 
(N 
m 
S 
00 
r~-

0 
• ^ 

0 
CO 
(S 

0 
CN 
r--0 
en 
NO 
ro 
»o 
>n 
vo 

'^ 
vo 

(S 
CO 

00 
0 
vo '<:3-

? 
T — < 

VO 

fS 
ON 
«—( 
00 

VO 
»o 
<s 

vo 
« — < 

s 
00 

. — « 
» — < 

"^ 
(N 
0 
. — < 

^ 
rs 0 
r—< 

00 

00 
00 
<N 

00 
CO 

00 
CN 
.—( 

VO 
ON 
0 
^r 

Tf 

in 
C 
o 
c3 
O 

•^ a. 
•a 
3 
S 
O 

6 
3 

G 

•3 
f2 

21 



multiplications of the same order or less than the corresponding 

computation in the frequency domain. When considering that the 

number of matchings required in a total disparity search is very 

large, as shown in the table, the disadvantage of cross-correlarion 

about being computarionally intensive is considerably minimized. 

The total number of multiplications shown in Table 2.1 

indicates that the method based on correlation requires about twice 

the time as compared to the cepstral transformation using the fast 

Hartley transform. Results shown in Figures 2.7-2.9, where only two 

stereo pairs are used show, however, that the extra rime involved is 

absolutely worthwhile. Figure 2.7 shows a pair of random dot 

stereograms with non-uniform disparities defining a central half 

sphere. The disparity maps obtained through the matching process in 

the frequency domain and the matching scanning in the spatial 

domain are shown in Figures 2.7.a and 2.7.b,respectively. Figure 2.8.a 

shows the disparity map obtained from a sequence of nine images of 

a real scene. Figure 2.8.b is the disparity map obtained through the 

scanning in the spatial domain when only two stereo images are 

used. Figure 2.9 shows from left to right, four different experiments 

using random dot stereograms and real stereo images. The four 

disparity maps in the bottom were obtained through matching 

scanning in the spatial domain. 

Pre-processing techniques 

Polynomial interpolation 

A geometrical distortion is generally introduced when two 

pictures of a curved surface are taken from different perspectives. 

For detecting differences between two images, a geometrical 
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transformation of one of the images must be performed prior to 

regis t ra t ion . One of the most commonly used geometrical 

t ransformat ion techniques for registering warped images is 

polynomial interpolation using a set of second-degree or higher order 

functions. In image registration, two variables x and y are necessary 

and sufficient for interpolating the surfaces. A set of polynomial 

functions of second degree in both x and y are expressed as: 

2 2 
x' = aix +a2xy + a3y + a4X + a5y-I-35 
y' = bix^ + b2xy + bjy^ + b4X + bjy + bg . (2.7) 

The points (x',y') are the coordinates of the control points on 

the reference image and the points (x,y) are the control points on the 

warped image. After the coefficients have been found, the warped 

image can be transformed into an image registered to the reference 

image by converting the old coordinates of the warped image into 

the new coordinates. 

Rotation adjustment 

Before any registration method is applied, a rotational 

adjustment should be performed. Since the Fourier power spectrum 

has the shift-invariance property, the rotarional difference between 

two images can be obtained from minimization of the spectral 

intensity difference between them.^"* The rotarional property of the 

Fourier transform can be expressed as 

f ( r , e + eo) <==> F(a),(}) + eo) . (2.8) 
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If f(x,y) is rotated by an angle ^o, then its spectrum is rotated by the 

same angle. The total spectral-intensity difference D(e) can be 

expressed as a function of the rotational angle between the two 

images as follows: 

D(e) = ̂ ^IR(u,v)-Se(u,v) |2 , 
u V (2.9) 

where R(u,v) and S(u,v) are the Fourier power spectra of the 

reference and rotated-shifted images, respectively. The rotation 

through an angle for minimum D(e) makes the dominant features of 

the two images parallel to each other, thus only a translational 

correction must be performed. 

Edge detection 

Many different types of edge detectors based on convolution 

have been developed. In general, gradient strength-based techniques 

have been shown to provide good results without becoming 

computationally intensive. Some variations include the Roberts 

gradient, and Sobel gradient,^"* implemented with different 

convolution kernels. Other edge detectors use the zero crossing test 

of a low-pass filtered second derivative, like the Laplacian of 

Gaussian zero crossings.^^ The methodology used in this work is 

based on a direct Sobel operator and binarizarion. 
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CHAPTER III 

REGULARIZATION THEORY 

In t roduc t ion 

Early vision is a research field in which many of the problems 

encountered are inverse ill-posed problems. In many cases no 

unique solution of the problem exists unless additional constraints 

are imposed. Surface recovery from sampled data is a typical case in 

which most passive techniques provide sparse depth information of 

the surface to be reconstructed. In that situation, constraints like 

smoothness or allowed discontinuities transform the problem into a 

well-posed one. Formal analysis of this ill-posed problem uses the 

Tikhonov regularizat ion method to make the problem well 

posed.^^'^^ A priori knowledge of the type of reconstruction that is 

desired is used to determine an appropriate stabilizer based on 

invariant characteristics. In our case, reconstruction of a smooth 

surface is required, and first and second order stabilizers lead to 

linear and spline approximations, respectively. In the first case, the 

reconstructed surface will be piecewise planar while the second case 

will provide a smoother reconstruction. 

Stereo vision allows the recovery of depth information of three 

dimensional scenes by triangularion of corresponding points in a pair 

of stereoscopic pictures. Resembling the human visual ability, two 

cameras sense the three-dimensional scene or object. Image matching 

is clearly dependent on the choice of feature primitives. When the 

elements to be matched are low-level and dense, such as the image 

intensity at each pixel in a neighborhood, the matching strategy is 

called an area-based process, while for sparse and usually more 
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abstract and high-level features such as edges or zero-crossings, the 

process is referred as feature-based. Area-based techniques have 

been used by Hanna*^^ and Cochran-Medioni^"* using cross-correlation 

for texture matching in the image pair to obtain an inirial disparity 

est imate. Matching more abstract features rather than texture 

regions has been widely used since such features are less sensitive to 

noise, although some interpolation should be included since only 

sparse data is obtained. Marr and Pogio^^ proposed a computational 

model of the human stereo vision system using zero-crossings from 

the Laplacian of Gaussian as the matching feature at different filter 

sizes. The disparity arrays created for each filter are combined into a 

single disparity description. They suggest that three constraints 

should be satisfied in choosing global correspondence: compatibility, 

uniqueness, and continuity. Grimson^^ implemented an improved 

version of this model with good results when there is a dense set of 

features. He included variational methods for surface reconstruction 

from sparse data. Ohta and Kanade^^ explored some alternatives of 

dynamic programming for edge matching using inter-scanline search 

for finding an optimal matching surface. Hoff and Ahuja^^ p r o p o s e d 

the combination of feature-matching, contour detection, and surface 

interpolation in one process. Weng^^ explored the use of windowed 

Fourier phase profiles as the major matching primitive, and Jepson 

and Jenkin^^ described some methods based on the output phase 

behavior of band-pass Gabor filters; however, phase informarion as a 

primitive to match has not offered, at this point, a better solution for 

false target correspondence, feature-less areas, noise-sensitivity, or 

occlusion problems. 
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Regularization techniques in surface reconstruction 

As described in the introduction of this work, there is at 

present no automated computational system able to perform the task 

of dense and precise depth perceprion as well as human beings 

perform this function. Passive methods, and specifically stereo-based 

systems, rely on the availability of enough information in the scenes 

to perform the matching, the corresponding disparity detecrion, and 

finally depth extraction from triangulation. Even when random-dot 

s t e r eograms are used for experimentation,^^•^' ' •^^ and the 

information to match has a controlled and uniform density, the 

obtained depth map is sparse with a density proportional to the 

minimum size of the dots used to form the stereogram. Those 

stereograms, however, give a vivid and uniform depth impression, 

when they are fused stereoscopically by a human being. 

It is apparent that in every case sparse data of the 

corresponding surface is available. Invariant surface recovery from 

sparse data in 3-D space is then required. The basic problem in 

surface recovery is to compute a complete, dense, and consistent 

representation of 3-D shapes, when only scattered points on the 

surface are available as initial input. Formal analysis of this ill-posed 

problem uses Tikhonov regularization to make the problem well 

posed.^^'^^ A priori knowledge of the type of reconstruction that is 

desired is used to determine an appropriate stabilizer based on 

invariant characteristics. Invariant surface recovery is an inverse 

mathematical problem. Visual reconstructions are inverse problems 

which tend to be ill-posed in the sense that existence, uniqueness, 

and stability of the solution are not guaranteed when additional 

constraints are not considered. Constraints such as smoothness have 
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been useful a priori information for possible solutions. The obtained 

representation should be independent of the viewpoint for a stable 

shape description. Because of their formulations, the surface 

reconstruction techniques can be considered as extremum problems 

in which a functional minimization is involved. The classic problem of 

finding some value of the independent variable where the funcrion is 

minimized belongs to traditional calculus, but the problem of 

minimizing a definite integral is considered as part of the calculus of 

variations. 

Consider the direct problem of finding the function y given z as 

Az = y, where z corresponds to the original, total, and dense 

representations of some surface, and the function y is the sparse data 

of the surface obtained when the mapping A is applied. The inverse 

problem of finding z from y is an ill-posed problem, which can be 

solved using regularization theory. The main idea is to restrict the 

admissible solution space by introducing a priori knowledge as 

previously discussed. The solution can be found, then, as the function 

that minimizes some functional. This functional can be represented 

as: 

0(z) = I A z - y P + :^IPzl . (3.1) 

This functional can be interpreted as an energy or cost function 

which provides a measurement of how close the solution is to the 

data in the first term, and how well it follows the a priori constraints 

of the desired function to be recovered in the second term. X is the 

regularization parameter which controls the compromise between 

the degree of regularization of the solurion and closeness to the data, 

whereas P is the regularization function. The problem is then finding 

a funcrion z which minimizes that expression. 
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Grimson's approach^^ to the solution of this problem is based 

on the formulation of the Euler-Lagrange differential equations 

associated with minimum energy problems. An analogy of the 

surface approximation from sparse data with a physical problem is 

considered. The surface to be reconstructed is considered a thin 

elastic plate in which the equilibrium position is a plane. If the thin 

plate is deformed to fit through the set of known points then its 

potential energy density is given by^'* : 

\l/ = A(kJ+k2) + 2Bkik2 , (3.2) 

where ki and k2 are the principal curvatures of the deformed plate, 

A and B are constants related to the material of the plate. If v(x,y) 

denotes the deflection function, then for a small deflection higher 

powers of Vx and Vy are negligible and the next approximation can be 

considered: 

J = (ki + k2) = 2^v^x + Vyy ) = ^ V% 

K = ki k2 = v̂ ^ Vyy - vjy , (3.3) 

where J is the first or mean curvature, and K is the second or 

Gaussian curvature of the surface. Equation 3.2 can be expressed as: 

\j/ = A (ki + k2 )^ - (2A - 2B) k^ k2 

with A=2 and (2A - 2B)=l-a: 

\|/= 2-(vV)^-(l-a)(V^^Vyy-V^y) ^^^^ 

The deformarion potenrial energy is given by: 

U = J [ Xj/dA . (3.5) 

Subsrituring equarion 3.4 in equarion 3.5: 

U = j j y ( V v ) ' - ( l - a ) ( v , , V y y - v , ' y ) d x d y , (3.6) 
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where c is the Poisson coefficient representing the tension factor 

associated with the elastic material of the plate. This equation can 

define a family of potential energy functions for different values of 

the parameter a, then, the best surface reconstruction can be 

characterized as the minimal point of the family. Two extreme cases 

of the Poisson coefficient can be considered. If o= l , the potential 

energy is reduced to: 

U = j j iY^yf dxdy , (3.7) 

which is simply the integral of the square of the Laplacian. If a=0, 

the potential energy reduces to: 

U = j j ^ ( v ^ , + 2vJy-Hv^)dxdy . (3.8) 

This is the functional used by Grimson^^ and he referred to it 

as the quadratic variation. This minimization yields a function called 

thin plate splines which provides a smooth surface reconstruction 

from the original sparse depth data. An important conclusion of 

Grimson's work is that even when there are other possible 

functionals for the solution of this problem, they are all linear 

combinations of the two basic functionals, the Laplacian square and 

the quadratic variation. The solurion surfaces will generally differ in 

shape only near the boundaries. 

Terzopoulus's approach^^ is an algorithm for visible surface 

computation using multigrid methods. His principal contribution was 

improvement of computational efficiency and also the integration of 

surface depth and orientation discontinuity information in the 

surface reconstruction problem. He addressed the problem of the 

surface reconstruction process by considering surfaces as thin plate 

patches bounded by depth discontinuities and joined by membrane 
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strips along the location of discontinuities. The stabilizer in the 

functional that is minimized is given by: 

0(v) =\\ p(x,y) { i:(x,y) (v^ + 2vjy + vjy ) 4- [ l-i:(x,y) ] (v^ + vj) } dx dy 
\i , 

(3.9) 

where v(x,y) is the approximating function, p(x,y) and T(x,y) are 

cal led cont inui ty control functions and they are explici t 

representations of depth and orientation discontinuities, respectively. 

A physical interpretation of p and (1-x) is that of spatially varying 

surface cohesion and surface tension, respectively. 

Stevenson and Delp^^ developed a mathematical analysis for 

invariant surface recovery from the constraint data based on 

regularization theory. From parametric representations of curves and 

surfaces, they construct a stabilizer which not only makes the 

problem well-posed, but which is also based on invariant surface 

characteristics. First they analyze the problem of invariant curve 

recovery from sparse data, and then they extended the approach to 

the problem of surface reconstruction. In their work, they use vector 

analysis for the surface representation. For the specific part of 

surface recovery, their approach is similar to Grimson's, i.e., the 

model of an ideal thin flexible plate of elastic material, and as the 

corresponding stabilizer, a measure of the strain energy of the 

deformed plate. The potential energy density is expressed as: 

\|/= A 
k?(u) + k^(u) 

+ Bki(u)k2(u) , (3. 10) 
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or in terms of Gaussian and mean curvatures given by 

K(u)=ki(u)k2(u), and H(u)=ki(u)+k2(u), respecrively as: 

V = 2AH(u)^ - (A-B) K(u) . (3. 11) 

After a further simplificarion with A=l and B=0, where A and B 

are constants of the material, they define an invariant stabilizer by 

integraring this energy density over the surface area as: 

Q.[T{U)] = J ( 2H%) - K(u)) dA . (3.12) 

A common approximation is to use the assumption of small 

values of Zx and Zy, in such a way that the Gaussian and mean 

curvatures can be approximated by: 

H(x v) = ^̂ ^ "̂  ^y 
^ '̂ ^ 2 (3.13) 

4 

K(x,y) = z^^ Zyy - z^y , ( 3 . ^ ) 

and the stabilizer becomes 

^ ^ ^ • " " i J I ^^x + 2z^y + z^)dxdy . (3.15) 

This model is referred to as the planar-plate approximation, 

and is the same used in the work of Grimson and Terzopoulus as the 

quadratic variation. The surface reconstructed by minimization using 

this stabilizer is referred as the thin plate spline approximation^^ or 

minimal energy B-spline approximation.^^ The complete expression 

directly related to equation 3.1 of the functional to be minimized is: 

e(v)= X tv(xi,yi) - c(xi,yi)]^-h ?. J J ^ (vM^-( l -a ) (v , ,Vyy-vJy)dxdy 
(Xi.ype" 

(3.16) 

where the roughness of the obtained function is measured by the 

energy in the functional of the second term, and the first term 
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minimizes least squared error at the discrete points. The equivalent 

analysis in one dimension is the minimization of the functional: 

e(s)= ^ [ s(xi) - c(xi)]̂ -H >. f ls"(x)Pdx . (3. 17) 
Xj e (a,b) 

The solution^^ of this variational problem is referred to as the 

minimal energy B-splines, and as explained in the following section 

can be implemented in terms of linear filtering. 

Cubic B-Splines for continuous image representation 

The essential property of B-splines of order n in one dimension 

is that they provide a basis of continuous piecewise polynomial 

functions of degree n with derivatives up to order n-1 that are 

continuous for every point in the domain of the real numbers. The 

spline interpolation involves then the minimization of the functional 

lvfe = j ' ' ' - ^ ' ' d - ' (3-18) 
•'a dx 

with the constraints given by the values of the discrete function to 

be interpolated. The points at which the function changes its 

character are referred to as the knots of the function. In the specific 

case of a cubic spline function that interpolates the twice-continuous 

function f at knots ti<t2< ... <tn , then 
b b 

I [s"(x)f dx< [f'(x)]^dx . (3.19) 
J a •'a 

The interpretarion of this integral inequality is that the average 

value of (s")^ on the interval [a,b] is never larger than the 

corresponding quantity for any other function that takes the same 

values at the knots. The functional involved has the same physical 
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interpretation of approximating the strain energy of bending in a 

thin, flexible wire. The functional is called the energy functional^^ 

and the cubic spline corresponds to the minimum energy 

configuration of the flexible wire.^^ Basically, we have a smooth 

continuous curve passing trough a set of discrete data at some points. 

In one -d imens ion , the interpolated continuous function can be 

represented as 

K 

f (a) = ^ Ck Sk(a) , ( 3 . 2 0 ) 
k=l 

where Ck are the coefficients to be determined from the different 

values of the discrete points in the input data, Sk(a) represent the 

basis functions of the desired interpolation, and k is the number of 

points in the discrete form of the input function. The spline 

interpolation minimizes the least square error of the function values 

and its derivatives at the values of the discrete input data or points 

of interpolation. The functional to be minimized is: 

0(s)= y [ s(xi) - c(xi)]^ + X f ls"(x)Pdx . (3.21) 
Xj e (a,b) 

Let there be a parrition of the interval 

P: tto < ttj < . . . < ttn < ^n+\ along the real axis. If we considered the 

values of some function at every point oto* ̂ i» • •• ̂ n+i as the 

original discrete input data, a B-spline of degree n on P is obtained^^ 

as the following piecewise polynomial: 
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n+1 

B„ (a; ao, a „ .... a „ , , ) = ( - 1 ) - ' („+,) V ^ - q , ) " U(a-a,) 

ti '"(«k) , (3.22) 
w h e r e 

n+l 

03(ak)= n ( « k - a j ) . ,323) 

In the case of data points uniformly spaced with A = a^ - a^-i , 

the first four order B-splines are expressed as 

Bo (a; ttk, ttk+i) = -r [ U(a-ak) - U(a-ak+i) ] , 

Bi(a; ttk, ttk+i, ak+2) = — [ (a-ak)U(a-ak) - 2(a-ak+i)U(a-ak+i) + (a-ak+2)U(a-ak+2)], 

B2(a; ttk, ttk+i, ak+2> oCk+3) = —7^ (a-ak)^U(a-ak) - 3(a-ak+i)^U(a-ak+i) 
2A 

2 9 

+ 3(a-ak+2) U(oc-ak+2) - (a-ak+3) ^(ot-ak+s)]. 

1 3 3 
B3(a; ttk, ttk+i, ak+2» ^k+S' «k+4) = —^t (a-a^) U(a-ak) - 4(a-ak+i) U(a-ak+i) 

6A 
3 3 

+ 6(a-ak+2) U(a-ak+2) - 4(a-ak+3) U(oc-ak+3) 

+ (a-ak^)^U(a-ak44) ] . (3.24) 

These expressions can be interpreted as operations of 

convolution with linear and shift invariant properties, and they could 

be considered as the impulse response of a linear system. The first 

four lower order B-splines are shown in Figures 3.1 to 3.4. 
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Bo (a) 

A 

Figure 3.1. Normalized zero-order B-spIine function. 

B l ( a ) 

0 
A 

Figure 3.2. Normalized first-order B-spline function. 
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B2 (a) 

0 
A 

Figure 3.3. Normalized second-order B-spline function, 

B 3 ( a ) 

0 
A 

Figure 3.4. Normalized cubic B-spline function. 

It can be shown that they are related by the convolurion operator in 

the following way: B3 = Bo*Bo*Bo*Bo. The interpolated function 

obtained from the zero-order B-spline is just a sample and hold 
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function. The interpolation with the first-order B-spline is a 

piecewise straight line between successive points or linear 

interpolarion. When the second-order B-spline is applied, a function 

is composed of a sequence of parabolas connected continuously 

together with their slopes. Finally, the interpolated funcrion obtained 

when the third-order B-spline is applied consists of a sequence of 

third degree piecewise polynomials which join at successive points 

continuously together with their slopes and curvatures. This cubic B-

spline funcrion can be extended to 2-D as shown in Figure 3.5. This 

interpolation technique can be implemented in the spatial domain as 

well as in the spatial frequency domain. Because these can be 

considered linear and shift invariant impulse responses, the 

corresponding operation in the frequency domain is a linear filtering 

with a transfer function given by the Fourier transform of the 

impulse response, or in this case, the B-spline function. If the Fourier 

transform of the cubic B-spline function in equation 3.20 is taken, 

using the shift invariant property we have 

F(0)) = F{s(a)}[cie-J^«-f-C2e-J^4-... + Cke-J^] , (3.25) 

where for the case of the cubic spline: 

s(a) = B3(a; tto, ai ,a2, a3, 04) , (3.26) 

and 
.-i4 

F{s(a)}=rs inc(^~-] (3.27) 

This expression can be regarded as the transfer funcrion of a 

linear filter. Figure 3.6 shows the transfer funcrion in the frequency 

domain. Results obtained when a linear, squared, and cubic B-spline 

interpolation are applied to an input range image with scattered 

data, are shown in Figure 3.7. 
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CHAPTER IV 

SURFACE RECONSTRUCTION OF THE OPTIC 

NERVE HEAD 

Anteceden t s 

One significant application of three-dimensional surface 

reconstruction is analysis of the opric nerve head topography. A 

physical consequence of elevated intraocular pressure in an eye 

afflicted with glaucoma is progressive atrophy of the optic nerve 

head. In addition to some other cues involving loss of the visual field 

and pain under pressure, change in cupping of the optic disc 

represents a valuable indicator for the ophthalmologist to diagnose 

and monitor the disease. Digitization of stereo fundus pictures 

available for qualitative 3-D estimation revealed that optic disc 

photographs often have spurious reflections across the picture. In 

some cases differences in focussing between the left and the right 

images are presented. These factors, in addition to the fact that 

viewing angle and image size can vary for sequential photographs 

taken in consecutive years, make the analysis of these kinds of 

images extremely challenging. These artifacts are not usually noticed 

during quali tat ive clinical observation because the resolution 

requirements are not as critical, and precise alignment, scaling, and 

registration are not necessary for qualitative judgement. Some of the 

approaches attempted for image acquisition and 3-dimensional 

reconstrucrion include the use of infrared light to project a series of 

stripes onto the nerve head, and infrared-sensitive video data 

acquisition systems,^^'^^ the use of the stereo-photos taken using a 

variety of special camera setups, e.g., Donaldson Stereoscopic fundus 
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c a m e r a , ^ 3 and the use of a sliding carriage adaptor (Allen 

separator)^ '^ for photos in sequence, or a twin-prism separator.^^ 

Variations in the technique of projecring stripes onto the nerve head 

have also been used by different researchers.^^'^"^ Laser scanning 

ophthalmoscopes and video acquisirion systems have also captured 

the attention of scientists in very recent work^^ and research is 

currently in progress searching for more precise methods of laser 

scanning. In this context, however, no single method has been proven 

to give an optimum solution in terms of accuracy, reliability, and cost 

effect iveness. 

The emphasis of the present work is surface recovery from 

sparse 2-D stereo data. In the specific case of fundus images, only a 

pair of stereo pictures with large disparities is usually available. 

Therefore, the motion stereo model involving image sequences with 

small disparity cannot be applied. An alternative approach based on 

a hierarchical search of feature-oriented disparities in the spatial 

domain is used. In addition, the dense depth map obtained is 

combined with a linearly stretched intensity image, yielding a 

composed image from which a 3-D reconstruction of the optic nerve 

head can be obtained. Such visual representation allows an 

ophthalmologist to obtain more information about the topography 

and blood vessel location of the optic nerve head. Quantitative 

information concerning the optic nerve head, like cupping or disc-cup 

ratio, can be obtained directly from the dense depth map initially 

ob ta ined . 
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Composite 3-D surface topography 

The proposed methodology for obtaining the required surface 

topography of the optic nerve head is represented in Figure 4.1. 

Stereo 
Pictures Registration 

Histogram 
Matching 

Linear stretched 
reverse contrast 
intensity image 

Feature 
Extraction 

Stereo 
Depth 
Map 

I 
Cubic 

b-spline 
interpolation 

3-D graphic 
reconstruction 

Figure. 4.1. Methodology for obtaining surface topography of 
the optic nerve head. 

Before any stereo-matching should be attempted, some pre

processing is performed to standardize the original stereo fundus 

pictures. As described in Figure 4.1, the first step is the registrarion or 

alignment of the stereo pictures. The method of registrarion used in 

this work is based on spectral and cepstral transform domain 

m a n i p u l a t i o n s . 3 ^ In the next step, a correcrion for intensity 

variations based on histogram matching is performed. Feature 

extraction using a Sobel operator and further binarizarion provides 
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the edge information to be used for matching in the stereo algorithm. 

The sparse depth map is obtained by using the stereo algorithm 

based on a hierarchical window matching described in Chapter II. A 

cubic B-spline interpolation provides the smooth depth map 

corresponding to the topography of the optic nerve head. A pseudo-

intensity image obtained from a linear stretching transformation is 

incorporated in the last step, in order to provide the locarion of the 

blood vessels without adding false depth to the topography map. The 

blocks representing the histogram matching and the linear stretching 

transformation, are explained in detail in the following sections. 

Correction for intensity variations 

In most cases, fundus stereo-pictures do not have the same 

intensity level. Furthermore, there is no guarantee that the intensity 

gradient be the same for corresponding features. That situation 

becomes important when algorithms for feature extraction based on 

edge-detection are attempted. Even when an exact solution cannot be 

provided, some pre-processing can lead to better results by matching 

gray level histograms. The approach is to obtain an intensity 

transformation such that the image probability density function (pdf) 

corresponding to the left image matches that of the pdf 

corresponding to the right image. This procedure is a modified 

version of that used for histogram equalization. The first step is to 

obtain the transformation in the left image to obtain a uniform pdf. 

The corresponding intensity mapping is represented as Si = Ti(x). A 

second transformarion S2 = T2(s) is obtained considering the required 

mapping to obtain a uniform pdf of the right image. Inversion of the 

second transform and its combination with the first one according 
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with the corresponding equations, provide the required 

transformation to modify the original left image histogram to match 

the histogram of the right image. 

Linear stretching 

The capability of an image processing system for image 

representation can be enhanced by the organized use of several 

types of sensors and by developing methods to integrate them in a 

consistent way. Passive depth-from-stereo, even when it is based on 

intensity images, could be considered an additional sensor to the 

system. In the specific case of 3-D representation of the optic nerve 

head topography, the use of only the depth image for 3-D 

reconstruction does not provide enough information to the 

ophthalmologist to judge the condition of the disease. Additional 

information related to the location of vessels and rim of the optic 

disk, which is contained in the intensity image should be 

incorporated. However, the intensity image by itself contains gray-

level variations that are not related at all to depth information. A 

reverse-contrast linear-stretched version of the intensity image is 

used together with the range image yielding the required 

visualization and representation. In the process of stretching the 

intensity image, only the gray levels providing the required 

information about the vessel location are kept, maintaining a flat 

level at the bottom of the image to avoid distorrion to the depth 

image already obtained. The transformation function is represented 

in Figure 4.2. The levels Tl and T2 are selected based on the 

histogram of the original intensity image. A typical fundus image 

histogram is shown in Figure 4.3. The objective is to keep only 
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enough number of gray levels to separate background from blood 

vessels. After the transformation is applied, the new histogram is 

shown in Figure 4.4. This process is illustrated in Figures 4.5 to 4.7. 

Figure 4.5 is the image obtained when the cubic B-spline 

interpolation algorithm is applied to the original depth map. Figure 

4.6 shows the linear-stretched reverse-contrast intensity image. 

When these images are plotted in a three dimensional graphic, it can 

be seen that the first image contains the concavity of the optic nerve 

head, while the second image provides the location of the blood 

vessels without adding false depth to the topography map. The three 

dimensional graphic representation of the composed image obtained 

by combination of depth and pseudo-intensity maps is shown in 

Figure 4.7. 

output 0(x) 

I max 

Imax 

l(x) 
input 

Figure 4.2. Reverse-contrast linear stretched transformation funcrion. 
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CHAPTER V 

THREE-DIMENSIONAL OBJECT 

RECOGNITION 

The ultimate goal of a computer vision system is not only to 

provide better representarion of real world 3-D scenes but also to be 

able to classify and recognize different objects based on their 

disrincrive features. The desire to make a decision upon information 

contained in a scene leads us directly, into the study of pattern 

recognition. Pattern recognirion is a fundamental component of 

intelligent behavior. In general it may be considered as the 

classification of objects based upon characterization knowledge, and 

may be separated in three phases: observing the attributes or 

characteristics of the object, selecring useful features from the set of 

characteristics, and making the classification decision based on the 

features selected, usually represented as a vector."^"* Thus, the 

recognition problem is decomposed into two parts, building an object 

representation from visible surfaces, and matching the obtained 

description to models of the objects in the recognition space. The 

method presented to obtain a range image from a pair of stereo 

pictures is extended to be used in a multisensor 3-D target 

recognition system. Range and intensity information are combined to 

improve the mathematical representation of the object under study. 

Figure 5.1 shows a block diagram of the system. 
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model 
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Intensity 
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• 
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Classification 
System 

Decision 

Fig. 5.1. Block diagram of the object recognition system. 

Nearest neighbor rule 

The nearest neighbor rule consists simply of assigning a sample 

X to the closest class in the feature space."*"̂  This rule will be used to 

test in a first attempt the separability of the different 

representations corresponding to the models under study. The 

euclidean distance is used as the measurement of closeness between 

different classes. 

Input features 

Aspect graphs 

The use of topological descriptions for object recognition has 

been attempted by a number of researchers in the field of computer 

vision. The central idea is the representarion of the object under 

study by using segmented information regarding its 3-D structure, 

and a graph model describing each feature and the geometric 

relation between them. Some examples of features used in the 

description of objects based on aspect graphs are segmented 

surfaces,- '^ generalized cylinders,^^'^^ edges, corners, lines, 

protrusions, depressions, slots or holes,̂ '̂ '̂ '̂̂ ^ just to menrion a few. 
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Most of the methods are scene/object-oriented, in the sense that 

some assumptions about the nature of the scene/object have to be 

made. So, phrases like "...only planar surfaces will be considered," or 

"...only objects consisting of conical surfaces are used," are very 

common at this point in the area of aspect graphs. After the graph 

structure has been implemented, a mathematical representation 

usually in the form of a feature vector is obtained. This feature 

vector consritutes the model which will be used as input to some 

specific classification system. 

Methods to incorporate range information in aspect-graph 

descriptions of 3-D objects can be classified into the following 

categories : 

(i) Volume descriptions: This category describes an object in 

terms of solids, such as generalized cylinders, cubes and blocks. A 

generalized cylinder is defined as an arbitrary planar shape called a 

cross-section, swept along an arbitrary 3-D curve called an axis. In 

general, the size and the shape of the cross-section may change along 

the axis, and the rule describing the change is called the cross-section 

function.^^ A number of variations on the use of generalized 

cylinders and other modeling primitives have been reported.^^ In 

general, volumetric descriptions are difficult to compute and the 

techniques are not yet fully developed. Currently, the objects used in 

this context are restricted to mostly simple and regular shapes. 

(ii) Curve/line descriprions: In this case, an object is described 

in terms of line primitives of a surface or between surfaces such as 

boundary lines or surface discontinuities obtained from intensity 

images,^^ range images,^^ or a combination of them. Most of these 

techniques are based on the use of edge detection and variations to 
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extract significant descriptors of the image under study, such as 

peaks (local maxima), pits (local minima), passes (saddle points), or 

orientarion of boundaries. In general curve/line descriprions, though 

relarively easier to compute, appear to contain less informarion than 

is necessary for a full descriprion of 3-D objects. 

(iii) Surface descriprions: This category describes an object in 

terms of segmented surfaces. Some approaches used aproximarion by 

planar patches, extracring information like area, shape, and relative 

position.^^ Surfaces as primitives for 3-D representation have been 

used^^ incorporating grammatical production rules as descriptors. 

The Hough transform has been used as an alternative to identify 

surfaces like spheres, cylinders, and cones.^ ^ 

The implementation of an aspect-graph model based on 

information of segmented patches at the surface level will be 

explored in the present work. This model incorporates range and 

intensity information in order to describe orientation and relative 

position of every patch. The method presented to obtain a range 

image from a pair of stereo pictures is extended to be used in a 

multisensor 3-D target recognition system. Range and intensity 

information are combined to improve the mathematical 

representation of the object under study. 

Segmentation 

The range data obtained from the stereo model is used in 

combination with the original intensity image to provide a symbolic 

representation of a 3-D object in terms of its visible surface patches. 

The first step is the implementation of the segmentation technique to 

separate the surfaces based on jump boundaries and surface 
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orientations. Edge maps derived from both range and intensity 

images are used for this purpose. A close examination of this 

situarion shows that three cases can be distinguished. First, an edge 

may appear in the range edge map but not in the intensity edge map. 

This occurs when the surface reflectance of adjacent patches and 

relarive surface orientation are the same. If in this condition a jump 

exists between adjacent patches, the corresponding edge will not be 

detected on the edge intensity map. In the second case, an edge may 

appear in the intensity edge map but not on range edge map. This 

occurs when there is a change only in reflectance on the surface of 

the object. In the last case, an edge appears on both range and 

intensity edge maps, providing a strong indication of the actual 

presence of an edge which should be used for segmentation 

purposes. At first, segmentation is obtained by combining the two 

edge maps. The analysis of some characteristics of the surfaces 

obtained provides a further simplification. For two adjacent patches 

in which the unit normal vector has the same direction and there is 

no jump separating both patches, the common edge is deleted. 

Figures 5.2.a and 5.2.b show the original intensity and range images 

respectively used in the experiment. Figures 5.2.c and 5.2.d show the 

edge maps obtained from the intensity and range image, 

respectively. Figure 5.3 shows the intensity and range images after 

the final segmentation. 

Input feature vector 

The goal of the recognition system proposed is to include in the 

input feature vector the range information of the object to be 

identified. The segmentation previously described provides a 
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collection of patches which is used to construct an aspect graph of the 

model. The objects used in this experiment are model ships built 

manually. They consist only of planar surfaces which are easily 

represented using the range and intensity information. 

The approach is to get the boundaries of the surfaces by 

computing local properties and then constructing the patches from 

them. Two kind of boundaries are used in this experiment: creases, 

which correspond to surface orientation discontinuities, and jump 

boundaries, where the surface undergoes a discontinuity. 

Symbolic representation of the graph structure 

For each visible surface patch ni we have: Orientarion n(i); this 

is the unit vector giving the direcrion of the normal. Visible area a(i); 

this is the area of the surface patch, it is computed from the visible 

area and the normal vector from the range image. Integrated signal 

strength m(i); this is obtained from the segmented intensity image as 

the average of the pixel values in the patch. Centroid c(i); these are 

the x-y-z coordinates of the centroid of the patch. 

Finally, the symbolic representarion is given by the feature 

vector in which we have for each visible surface patch : 

n(i) = [ nx(i), ny(i), nz(i), a(i), m(i), cx(i), cy(i), cz(i) ] (5.1) 

The recognirion scheme is based on matching the object surface 

descriprion with the corresponding model surface descriprion. The 

approach at this point, is to obtain the orientarion of the object from 

the angular posirion of the main axis of the ship model. A rotarional 

transformation is applied to the object surface descriprions in such a 
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way that the main axis is located parallel to the image plane (xy 

plane). The normal vectors are used to determine the rotation 

required to bring the model description into that orientation. A 

feature space is formed with the surface descriptions of the four ship 

models involved in the experiment. The representation of features 

from 3-D objects with irregular, curved surfaces as found in the case 

of the optic nerve head is an extremely complicated task. Future 

research in such representation, and ultimately classification of 3-D 

objects of irregular shapes, will be addressed in the future and has 

not been attempted in the present work. 
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CIL\PTER VI 

RESULTS 

Experimentation based on the methodology previously 

described has been performed yielding good results. Figure 6.1 

shows a pair of random dot stereograms, where the pixels in one 

image have been shifted to define a half sphere located centrally. As 

can be seen the dense disparity information, available for matching, 

allows a very good depth extraction. Figure 6.2 shows two stereo 

pictures of a telephone and feature extracrion by edge detecrion. 

Figure 6.3 contains the corresponding depth map and 3-D 

visualizarion. Figure 6.4 corresponds to a model (concave ball) tested 

to simulate a curved surface corresponding to the excavation of a 

typical optic nerve head. In this case, the features to match 

correspond to the internal decoration of the ball. Figure 6.5 shows 

the results obtained when the interpolation based on cubic B-splines 

is applied to the image of the ball obtained from the stereo vision 

model. Figure 6.6 shows a typical fundus picture and its 

corresponding three-dimensional topography obtained with the 

methodology described in this work. Figure 6.7 shows a comparative 

study of the progression of glaucoma in a patient between 1984 and 

1989. The latter result was also inspected by the ophthalmologist for 

clinical evaluation of the obtained 3-D images. Two pairs of stereo 

fundus pictures and the corresponding feature extraction are 

included. The range image obtained from the stereo algorithm and 

the linearly stretched, reverse-contrast intensity image, as well as 

the combined range-intensity image and the corresponding 3-D 

reconstruction are shown in Figure 6.7. 
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(c) 

(d) 

h i S ! ^ ^ ^ 

Figure 6.1. Results of depth-from-stereo algorithm, (a) & (b) Random 
dot stereogram, (c) Disparity map. (d) 3-D Plot. 
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Figure 6.2. Stereo pair of a real scene (telephone) and the 
corresponding images after edge operation. 

Figure 6.3. Depth map of telephone in Figure 6.2 and 
3-D visualizarion. 
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Figure 6.5. Cubic B-spline interpolarion applied to depth 
map in Figure 6.4. 
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Figures 6.8 and 6.9 show the computer-generated range images 

of the four ship models used to test the recognition system described 

in this work. As can be seen, the main axes of these ships are parallel 

to the image plane (xy). Figure 6.10 shows the segmentation in 

planar surfaces of the range image of ship model number 2. The 

algorithm for depth-from-stereo previously described has been used 

for experimentation with real pictures of the ship model. The real 

range image obtained is shown in Figure 6.11. From Figure 6.10 we 

see that the original graphic structure model corresponding to the 

ship of this experiment consists of 17 patches as shown in Figure 

6.12. The values associated with each node are shown in Table 6.1. 
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Figure 6.10. Segmentation in planar surfaces of the ship model 2. 
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(a) 

(b) 

Figure 6 11. Range image of ship model 2. (a) Range map 
* (b) 3-D graphic reconstruction. 
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Figure 6.12. 3-D graphic structure model of the ship 

Table 6.1. Features associated with each node of the graph. 

Patch # n. n. m 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

-0.707 

0.707 

-0.707 

0.707 

-0.707 

0.707 

0.707 

-0.707 

0.707 

-0.707 

0.707 

-0.707 

0.707 

0.707 

0.707 

-0.707 

-0.707 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

0.707 

1515 

1727 

815 

762 

379 

2382 

1202 

1822 

2249 

381 

1994 

296 

5668 

2561 

2133 

349 

304 

40 

67 

42 

69 

47 

70 

68 

36 

66 

92 

110 

128 

139 

130 

125 

36 

38 

212.7 

243.0 

143.6 

176.2 

199.9 

254.0 

330.2 

092.6 

129.7 

150.2 

187.6 

200.0 

276.6 

362.1 

414.0 

166.6 

233.7 

190.6 

189.9 

234.1 

234.8 

234.0 

234.9 

235.0 

280.1 

286.0 

266.3 

285.6 

265.0 

271.0 

283.0 

280.1 

297.8 

297.7 

136.8 

135.6 

167.9 

167.4 

166.3 

145.7 

090.7 

192.9 

190.4 

187.2 

180.0 

181.4 

154.6 

093.5 

049.7 

175.9 

169.0 

77 



Four feature vectors corresponding to the four ship models 

involved in the experiment were constructed. The main axes of these 

models are parallel to the image plane as described in the last 

chapter. These models form the feature space. The features are used 

to compute the euclidean distances from any input sample using the 

nearest neighbor rule. The distances among these four classes are 

shown in Figure 6.13. An important point to be considered for a good 

classification is good original segmentation for a consistent 

representation of the input feature vector obtained. 

di2 

d i3 

di4 

d23 

d24 

d34 

3.969 

5.011 

4.668 

4.283 

4.700 

5.504 

Figure 6.13. Euclidean distances between the four models. 
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CHAPTER VII 

CONCLUSIONS 

This research presented a new approach to three-dimensional 

object representation and recognition using an interpolation scheme 

applied to the information obtained from range and intensity images. 

The problems of feature extraction and depth from stereo are 

addressed. The performance of the matching procedure has been 

tested using computer generated stereograms formed of random dots 

with good results. An additional experiment using a ball model shows 

the ability of the method to deal with curved surfaces. The 

challenging problem, of course, is when natural images with large, 

nonuniform disparities and sparse features are used. Matching 

techniques based on cross-correlation in the spatial domain provided 

a good solution when cepstral analysis appears to fail due to large 

and non-uniform disparities. In every case, and especially when 

natural stereo imagery is used, the range image obtained consists of 

sparse information with density according to the available number of 

features which can be matched. An interpolation technique based on 

cubic splines was shown to be a good alternative to get a dense 

representation from the available sparse depth data. The choice of 

splines as the basis set for surface reconstruction is motivated by the 

interest ing properties they possess in reproducing local data 

characteristics such as local convexity, monotonicity and smoothness. 

The dense range map has been used to obtain more accurate 

features for object recognition. Information derived from both range 

and intensity images provide a good representation of 3-D objects, 

thus forming an input feature vector for better classificarion. 
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A nearest neighbor classifier is initially used to test the 

separability of the input data. Aspect graphs based on statistical 

descriptors of the segmented range and intensity images are shown 

to offer a good solution to the problem of 3-D pattern recognition for 

simple 3-D model objects in a specific orientation. Selection of 

appropriate features for a classifier, when real objects involving 

curved and irregular surfaces are encountered, is an extremely 

difficult task and is worthy of further research. The present work, 

however, addressed and provided a good solution for the problem of 

representation and recovery of curved surfaces from sparse stereo 

data of 3-D real scenes. 
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