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ABSTRACT

A survey is carried out and the principles of various range sensing techniques
are described. A method to determine range from a translationally blurred and a sharp
image is presented. To decode the length of blur in the translationally blurred image,
three decoding methods; minimization approach, Fourier transform approach, and
method-of-slopes, were tested on various images. The results were found to be
favorable for the minimization approach and the method-of-slopes. Ringing was
encountered with the Fourier transform approach. The minimization approach is
iterative and slow. The method-of-slopes was investigated further for the case of
inclined plane surfaces and the results were found to be favorable. The method-of-
slopes can also determine disparity for cylindrical surfaces. A rotating mirror system
is described, which simulates camera translation in order to produce a linearly blurred

image, in real-time.
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CHAPTER 1.

Machine Vision and Ranging Techniques

1.1  Introduction

Needs for faster and accurate systems dictate a move towards automation.
Automation of any process or machine operation requires various sensory inputs. One
of these input can be visual input. Some applications needing visual information can
be structured, as in case of an inspection and manufacturing process, or non-
structured, as in case of guarding a compound from intruders, navigating around a
course filled with obstacles. In a structured environment where surrounding factors
such as illumination and work place arrangement can be controlled, the visual
information needed may be two dimensional, for example; the size of a part from its
geometry, or the orientation of the part based on its configuration. Three dimensional
information is required, however, in a non-structured environment where the
surroundings can be controlled only to some extent or cannot be controlled at all.
Three dimensional information helps in approaching an object, in handling,
determining the size of the object, navigation.

Three dimensional information can be acquired by various range sensors. The
range sensors used today vary in type and nature depending on their application. The
range sensors based on imaging use a camera which collapses the three dimensional
information about a scene into two dimensional image format. One of the functions of
a machine vision system is to extract desired three dimensional information from these

two dimensional images.



1.2 Range Determination

Range determination is a very basic, yet a difficult problem. In order to
understand a visual scene realistically, the three dimensional structure of the scene
must be known. This information can be used in many industrial applications
including automatic inspection of manufactured parts, autonomous vehicle guidance
[Thorpe, 1990], robotic manipulation [Fairhurst, 1988], and automatic assembly.

Range information is a collection of distance measurements, made from a
reference plane or coordinate system to the surface points on objects in a scene [Besl,
1988]. A range imaging device is defined as any combination of hardware and
software capable of producing a range image of a real world scene under appropriate
operating conditions. Range images, depending on context, are known by many
names: range map, depth map, depth image, range picture, rangepic, 3-D image, 2.5-
D image, digital terrain map (DTM), topographic map, 2.5-D primal sketch, surface
profiles, xyz point list, contour map, surface height map, etc.

A few surveys of range imaging methods were carried out in the early eighties
[Kanade and Asada, 1981, Strand, 1984, 85], and Jarvis[1983] presented a more
elaborate survey from the optics point of view. Since then, a few additional surveys
have been carried out [Kak, 1985, Svetkoff, 1986, Wagner, 1987]. In his exhaustive
survey, Besl [1988] gave quantitative performance comparisons between different
active optical range sensing methods.

All the range finding methods available today can be subdivided into two

categories: active ranging and passive ranging.



1.3  Active Ranging Techniques

In active ranging a controlled beam of energy is radiated into the field of view
and the returned radiation response is then analyzed to determine the range.
According to Besl [1988], most active optical techniques for obtaining range images
are based on one of the five principles: (1) time of flight, (2) triangulation, (3) Moiré
and holographic interferometry, (4) lens focus and, (5) fresnel diffraction. Here,

using suitable examples, the basic principles of each of these techniques are presented.

1.3.1 Time of Flight: Laser Range Finders

Time-of-flight laser range finders are based on the principle of a signal
traveling from a source, to an object, and back to receiver. Assuming the source and

the receiver are coplanar, the basic equation for such a system is:

=z (1.1)

where z is range, v is the speed of signal propagation, and 7 is the transit time from
source to object and back to the receiver. Time-of-flight detectors provide the
absolute range data directly. No image analysis is required.

Time-of-flight can be determined by: (1) pulse modulation, (2) amplitude
modulation, or (3) frequency modulation. In pulse modulation based range finders a
pulsed laser is emitted by the source and the returned signal is scanned for the pulse.
The time difference results in range information. An imaging laser radar [Lewis and

Johnson, 1977] for a mobile robot was built on the pulse detection principle. The



accuracy of the range finder was of the order of 2.0 cm over a range of 1 to 3 meters.
A superior sensor was built by Jarvis [1983a], which could acquire a range image
containing 64x64 pixels in 4 seconds.

Instead of pulsating, the laser can be amplitude modulated [Sanz, 1989]. This
eliminates the wait time for an echo, as in the case of a pulsed signal, as the
amplitude of the returning signal can be compared to the emitted signal at any

moment to check for the phase shift. This measured phase shift provides the range

zzﬂ-A(é (1.2)
4r

where ApM is pulse wave length, A¢ is the phase shift. One of the first non-military
radar was built by Nitzan et al [1977].
The laser can also be frequency modulated [Sanz, 1989]. By repetitively

sweeping the optical frequency (between vi%), a total frequency deviation of Av is

created during the period ny where £+ is the linear sweep modulation frequency.

The returned signal can be mixed coherently with a reference signal at the detector, to

create a beat frequency signal (f+) which depends on the range z of the object. This

detection process is known as FM coherent heterodyne detection,

__Ch
z—4f..Av (1.3)



where ¢ is some constant of proportionality. Beheim and Fritsch [1986] have
constructed a range finding device which can measure a range of 1.5 meter with

subcentimeter resolution.

1.3.2 Triangulation

The simplest, most obvious, and most commonly used range finding concept is
triangulation. It is based on the law of sines:

sin(4) _sin(B) _ sin(C)
a b ¢

sin(4) <a or (1.4)

If a camera is aligned along the z-axis (Fig. 1.1), and a beam of light from a
projector at a distance of x, (inclined by an angle 6 with respect to z-axis) is projected
onto the scene, then the range z of the point P on any object surface is given by the

relation:

z=x-tan(6) (1.5)

The survey can be subdivided into ranging methods based upon the geometry
of the projected of light: (1) point light, (2) line light, (3) coded binary pattern, and
(4) color coded stripes of light. Bicknel et al.[1985] described a method of building a
triangulation based system using spot ranging. This system can achieve a resolution of
25um, over a depth of field of 100 mm, at a range of 500 mm. Begin [1988] used a
spot ranger for welding application. The resolution of the ranging device was of the
order of 0.65 mm for a range of 1000 mm. Hausler and Maul [1985] reported a
telecentric scanner configuration for ranging objects with a diameter 1 m. or less,

with a ranging resolution of = 0.1 mm. Faugeras and Hebert [1986] used a spot laser
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Projector

Fig 1.1 A triangulation based range finding geometry



range finder based on triangulation. The object is placed on a rotating turn table and
is detected by two horizontal position sensors, and scans are taken by changing the
elevation of the laser spot. A spot ranger measures single point per sampling interval.
Shirai [1972], and Nevita and Binford [1973] used a range finder based on light
stripes to range objects containing planer surfaces. Fewer sampling frames are
required as all the points in a line stripe can be ranged simultaneously. Popplestone et
al [1975] furthered the light stripe method to incorporate the ranging of curved
surface objects. All the above light stripping methods were intended to build an
algorithm for the recognition of a three dimensional object. A sensor for industrial
application was built by Ozeki et al [1986]. It could range an object in a 60 cm square
area at a distance of 100 cm at 48x50 point with an accuracy of +2 cm. Sato et al
[1982] used a double slit projector to further the single stripe concept. Their test
results show an accuracy of 0.5 mm over a range of the order of 1030 mm. Jaliko et
al [1985] reported a multistripe system design using 16 vertical stripes. Stripes are
shifted laterally in 8 consecutive frames to produce a horizontal resolution of 128
pixels. Potmesil [1983] reported using a grid of orthogonal isoparametric projected
lines. Altschuler et al [1981] described a spot coded laser beam patterns for ranging,
and Boyer and Kak [1987] used a color encoded structure of light stripes in which

only one image frame is required.

1.3.3 Interferometric Techniques

Interferometric techniques can be subdivided into (1) Moiré and, (2)

holographic interferometry.



1.3.3.1 Moiré Technique

When one amplitude modulated spatial signal (reflected light from a scene) is
multiplied by another amplitude modulated spatial signal (viewing grating) the

resulting interference phenomenon can be given by [Sanz, 1989]:

A(x) = A1+ m-cos(w:. x + ¢(x))) ® A1+ m.- cos(@:. x + $(x))) (1.6)

where A; represent amplitudes, mj are the modulation indices of amplitude
modulation, oj the spatial frequencies, and ¢; the slowly varying phases. When this
signal is low pass filtered (blurred) with a cut off frequency below the minimum of ®
1 and @,, only the frequency difference terms and constants are carried through,

resulting in

LPF{A(x)} = A A:{(1 +mim: . cos((@ — @:)x + $(x) - ¢:(x))} (1.7)

For equal spatial frequencies only the phase difference terms are left

LPF{A(x)} = AiA:{(1 +mums. cos( $(x) — g())} (1.8)

Range information is contained in these phase difference terms. In a simple
experimental setup (Fig. 1.2) a Moiré fringe interference pattern is formed by
illuminating a scene with shadow pattern, using a uniformly spaced optical grating,
and viewing the scene through an identical grating placed in front of a camera. The

projector is displaced laterally from the camera.
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Fig. 1.2 Principle of Moire technique



A detailed survey can be found in Besl [1988]. Moiré range imaging methods
are used for measuring the relative distance between surface points on a smooth
surface with no discontinuities. Cline et al [1982, 84] have reported some
experimental results, and Gasvik [1983] addressed the limitations of the projection

Moiré method.

1.3.3.2 Holographic Technique

In holographic interferometry, two coherent beams of light from a light source
are used to produce interference patterns, due to the optical frequency phase
differences, in different optical paths. If two laser beams meet at a surface point, then

the two beams add up to produce a net electric field given by [Besl, 1988]:

e(i’,t) = el-COS(&)lt +K. %+ ﬁ(f)) + ez.COS(a)zt +K: %+ ¢z(f)) (1.9)

where e; are electric field intensities, K;j are the wave vectors, ®; are the optical
frequencies of light beams, and ¢; are the phases. Detectors of light respond to the
intensity of radiation (the square of electric fields). Here, intensity (irradiance) is

given by:

I(f,1)=élz +é:2 (110)

When the equation is expanded and low pass filtered in terms of optical

frequencies @,-0,, 20,, 20,, and ®,+ 0, the result is:

10



€ +e, {1+ 2231821,COS(Aw.1+A]Z-f+A¢(f))} (1.11)

LPF{I(%,1)} == -
1t

where Ao = 0,-0,, AK = K,-K,, Ad = ¢,-¢,. This is similar to equation (1.7)
except that vector variations have been explicitly used for wave vectors (vector spatial
frequencies). For the same optical frequencies and equal vector spatial frequencies,
only the phase difference term remains. It is these phase difference terms that carry
surface depth information. Similar to Moiré technique the holographic interferometry
is used for measuring the relative distance between surface points on a smooth surface
with no discontinuities.

The first evidence of holography can be found in Leith and Upatnieks [1962].
Church et al [1985] describe the industrial uses of holography, and Tozer et al [1985]
have reported the application of holography for measuring the fuel element size in a
nuclear reactor. Wuerker and Hill [1985] have used holography for recording the dust
particle phenomenon. They have achieved a resolution on the order of 2-4 um over
the conventional microscopes resolution of 10-100 um. Pryputniewicz [1985] used
heterodyne hologram interferometry to study the load deformation characteristics of
computer micro components which were surface mounted on a printed circuit board.
Thalmann and Dandliker [1985] discussed the application of heterodyne and quasi
heterodyne (stepwise phase shifting) fringe interpolation techniques for contouring of
3-D object shapes, and Dandliker and Thalmann [1985] discussed the possibility of
automating the interferogram processing. Hariharan [1985] described a technique to

use a television camera to compute the range of points on a surface.

11



1.3.4 Focusing

The simple lens formula is given by the equation:

1 11

7 == + ™ (1.12)
The principle of this method is based on the distance of the image plane from the
focal plane in a camera. If the object is at an infinite distance, the image forms at the
focal plane (Fig. 1.3) of the lens. If the object is closer to the lens, the image is
formed at the image plane, which is away from the focal plane. The distance of the
image plane from the focal plane can be calibrated in terms of object range. The
camera instruments can also be calibrated in terms of focus sharpness of the objects
on the image plane and Jarvis [1983] has suggested some focus sharpness measures.
Results of some other surveys will be discussed later, in section 1.4.6 (range from

defocus).
1.3.5 Fresnel Diffraction

If an aperture is illuminated by a plane wave (light), and the fresnel diffraction
is formed on a plane on unknown distance away, then the size and shape of the
diffraction pattern can be used to determine the distance between the aperture and the
image plane. This principle has been extended to measure absolute distance and to
determine the depth of 3-D objects. The general description of a fresnel phenomenon
can be found in any physical optics book [Jenkins and White, 1937]. A simple optical
setup [Leger and Snyder, 1984] based on this principle is shown in Fig. 1.4. This

12
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Fig. 1.3 Principle of focusing method
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setup is based on the Talbot effect, which refers to the self imaging property of a
grating [Winthrop and Worthington, 1965]. According to this effect, any amplitude
distribution which is a periodic function of x and y will also be periodic in the
direction of propagation z. In this setup, a coherent beam of light is projected through
a simple periodic cosine grating aligned vertically (along y-axis). If a screen is placed
at a distance z from the grating, the intensity on screen will have a periodic
modulation whose fundamental frequency is equal to that of the grating. If a contrast
ratio is defined as the ratio of power in the fundamental frequency to the power in the
zero frequency component, then this contrast ratio is a function of the distance
between the screen and the grating. Since this technique measures fringe contrast this
approach is insensitive to the reflectance variations in the object. Chavel and Strand
[1984] have reported some experimental results for 512x512 pixel images. No
accuracy figure was available.

Some of the disadvantages of active ranging are: (1) probing instruments are
power intensive, (2) the need for high energy probing beams precludes their use in
presence of humans, (3) in military applications because of the need to emit a beam of

radiation the stealth of the user is compromised.

1.4  Passive Ranging

Human vision is the inspiration behind nearly all the passive ranging
techniques. Depth cues used by human eye have resulted in various passive ranging
techniques. They can be classified into the following categories: (1) structure from
motion, (2) structure from optical flow, (3) shape from shading and photometric

stereo, (4) shape from texture, (5) stereopsis and, (6) range from defocus.

15



1.4.1 Structure from Motion of Camera

The structure-from-motion approach is based on two steps: (1) compute the
observables in the image, and (2) relate these to structure in the space. The
observables can be points, lines, contours etc. The observation of a number of points
in two or more views can yield the position of these points in space and the relative
displacement between the viewing systems. Roach and Aggarwal [1979, 1980] used

the basic equation that relates the 2-D projection (x,y) to a 3-D point (x,y,z):

_ au(x— xo) +au(y—yo) +a|3(2 —'Zo)
x—fa,,(x_xo)+a,,(y—yo)+a,,(z_20) (1.13)

- azl(x—Xo)+azz(y—yo)+azs(2—20) (1 14)
au(x - xo) +au(y —yo) +ass(Z - Zo) )

y

where (Xq,Yq,Zo) are the 3-D coordinates of the lens center and aj;, aj,, a3, 3y, ..,
a;, are functions of camera orientation in a global coordinate system. Researchers
have tried to solve this equation by different approaches. Roach and Aggarwal
[1979,1980] took two views of a scene from two camera positions. They needed five
points in order to solve one set of the equation. Webb and Aggarwal [1982] used
multiple images with a single camera view to recover the 3-D structure of moving
rigid and jointed objects. Matthies et al [1988] reported a pixel based algorithm using
Kalman filtering, in which the depth estimate and depth uncertainty at each pixel is
incrementally refined over time using a sequence of images obtained with known

motion of the camera in robot navigation.
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1.4.2 Structure from Optical Flow

Prazdny [1980] described the possibility of using the optical flow information
created on retina of a moving observer to derive a relative depth map. Optical flow is
the field of instantaneous apparent velocities of points on the surface of objects
moving in space. It is the apparent motion of the brightness pattern [Horn, 1986].
Optical flow can also be defined by the instantaneous distribution of the angular
velocity ag of the projection ray passing through an object point P [Sanz, 1989]. The
angular velocity consists of two components, a translational component a;, and a

rotational component ar.
a=a+a (1.15)
For a moving object, the rotational velocity does not vary from point to point on the

object surface. The translational component changes due to the distance from point to

the projection center, given by

TP and azT-sm(n)

sin(77) s (1.16)

a=ar+

where T is the translation vector, P is the positional vector, n is the angle between the
two vectors, and s is the distance between the object point P and the origin O. Even
though all the points on the object surface undergo the same translation T, the portion
of the translation which is perceived as the motion in the image depends on the
direction of the translation and the distance of the object point from origin. The

directional components perpendicular to the positional vector show up on the image
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plane, and the velocity component parallel to the direction of projection vector are
lost in the process of image formation. Therefore the difference between the
translational component a; of two points can be used to determine their relative

distance:

(an—an)~px =_Sl (1 17)
(an—am)-p: s )

where p; and p, are unit vectors in the direction of points P, and P,, a5, and ag,
represent the optical flow, and s, and s, denote the distances of point P, and P, from
the origin in 3-D coordinate system. A detailed review on optical flow is given in

Horn [1986], and Horn and Schunk [1981].
1.4.3 Shape from Shading and Photometric Stereo

This method is based on the concept of using image intensity information to
recover the surface orientation from one or multiple images. Shape from shading uses
one image and surface smoothness constraint, whereas photometric stereo uses several
views of an object, taken with varying illumination but the same viewing direction.
Let us consider a surface patch as shown in Fig. 1.5. If the viewing direction is
aligned to the z-axis, the shape of a 3-D object can then be described by its height
above the x-y plane. In terms of surface brightness one can write (Baliard and Brown

[1982])

z = -f(x,y) (1.18)
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Surface patch

Fig. 1.5 A surface patch configuration
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and the surface gradients can be defined as (Fig. 1.6)

Z and q:é (1.19)

ng &

If we define a general plane equation as

Ax+Bx+Cz+D = 0 (1.20)

It can be expressed in terms of gradients as

A B D
-7 = X + — + — 1.21
z Cx C y C (12D
or -z=px +qy +k (1.22)

where A,B,C,D and, k are some constants. The two dimensional space of vectors
(p,q) is known as gradient space. A reflectance map R(p,q) is defined by associating
with each point (p,q) in gradient space the brightness of a surface patch with the
specified orientation, and is usually depicted by means of iso-brightness contours.
R(p,q) can be obtained experimentally using a test object or a sample mounted on a
galvanometer.

The reflectance map provides a simple constraint for recovering 3-D shape
from shading information. The constraint is expressed by the image irradiance

equation

R@,q) = f(x,y) (1.23)
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Fig. 1.6 Surface gradient components
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where (p,q) denotes the possible orientations at the point (x,y). Since one constraint is
not enough for determining a unique solution for (p,q), additional constraints are
required. As mentioned earlier, the shape from shading concept uses one view and
surface smoothness as additional constraint. The photometric stereo method uses
multiple images (generally 3 or more), with different lighting conditions and the same
viewing position.

Ikeuchi and Horn [1979] have implemented the photometric stereo method
using the reflectance map technique experimentally. Horn and Ikeuchi [1981] reported
experimental results for an iterative shape-from-shading algorithm using the
smoothness constraint for a synthesized lambertion sphere. The result show an error
of the order of 0.01% after 30 iterations. Since photometric stereo can determine
surface information rapidly but can not determine absolute depth values, Ikeuchi
[1987] has reported a duel photometric stereo system to obtain absolute depth values.
It combines the photometric stereo with binocular stereo, and is called binocular

photometric stereo or duel photometric stereo.

1.4.4 Shape from Texture

A source of cue to surface orientation under perspective projection is texture.
Texture can be segmented into primitives. Under the assumption of planarity and
uniform distribution, the gradient of texture density provides surface orientation
information [Sanz, 1989]. A texture gradient can be described as the direction of
maximum rate of change of projected primitives size. The orientation of the texture
gradient vector corresponds to the tilt 0 < #/ < 180° with respect to camera axis and
the magnitude determines the slant O < s/ < 90° (Fig. 1.7). For a regular texel texture
such as parallel lines from a rectangular grid under perspective projection (Fig. 1.8),
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Fig. 1.7 Surface orientation components
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Fig 1.8 An orientation geometry for an orthogonal

texture pattern
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one can compute the two vanishing points. The line joining the vanishing points
provide the orientation of the surface. The tilt of the plane is determined by the
vertical position of the plane with respect to z-axis. By knowing tilt and distance of
one point, the distance of any other point on the surface can be determined.

Gibson [1950] was the first person to discuss the perception of visual depth
and distance based on texture. Kender [1981] presented a mathematical approach to
determine the orientation of a planar surface with brick like structure on it. His
method failed for random orientation of texel elements on a surface e.g. small circles
on a golf ball. Ohta et al [1981] experimented with synthetic images containing more
than two types of texture elements. Witkin [1981] related the texture of a surface to
the distributions of surface marks and posed the problem of shape from texture based
on observing the distribution of edge direction in an image as a maximum likelihood
problem. He implemented the statistical approach successfully on the images of

natural scenes.

1.4.5 Stereopsis

Stereopsis has been the most extensively researched vision problem area. The
basis for this method has been the human eye. Stereo vision essentially measures the
disparities of each scene point in a pair of images and computes the range. A simple
schematic of a stereo imaging system is shown in Fig. 1.9. Two cameras are aligned
with their optical axis parallel and separated by a baseline distance L. The x and y
axis are defined to lie in the image plane. The x-axis passes through the image plane
center of each camera. The two locations of the point P(x,y,z) in the two image

planes are x; and xgz. The distance between the locations x;-xp is defined as
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P(x,y,z)

Image
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Fig. 1.9 A schematic of stereo imaging system
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disparity. By simple trigonometry, one can see that range of the point P can be given

by (note y; = yg):

(1.24)

N
I
=

XL - Xr

The main difficulty in any stereo system is in the so called "correspondence
problem", which consists of identifying corresponding points in the two images. This
problem arises because of several factors [Sanz, 1989]: (1) points of interests may
lack sufficient information to establish a unique pairing relationship in two images,
e.g. lack of intensity or color identifiers, (2) several candidate points may satisfy
matching criteria resulting in false identification, e.g. a planar surface containing a
regular pattern, (3) due to occlusion effects some parts may appear in one view but
not in the other, e.g. vertical facets parallel to the camera axis. This effect can be
reduced by reducing the separation distance L which in turn reduces the range
accuracy.

The main objective of any stereo system is to select some type of features and
a matching criteria. Features can be low level e.g. dots, edges, local texture, which
are relatively easy to detect but are difficult to match. High level features e.g.
specific object shape, are difficult to detect, but once selected they are easy to match.
Julesz [1964] presented experimental results based on random dot stereograms. His
work demonstrated that human vision is capable of interfering depth even in the
absence of high level clues for disparity. This observation provides a basis for stereo
vision based on low level primitive features. Some researchers select a small area in
one image and carry out cross correlation with similar size area in the other image

[Bernard and Thompson, 1980]. Moravec [1979, 1980] tested a rover robot which
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used 9 stereo pairs along a base line for mapping surroundings, based upon area
matching technique to find disparity. The robot took 10-15 minutes to travel a
distance of 1 meter. Weissman [1980] described a stereoscopic system which acquires
a stereo image pair, aligns and enhances the images. Feature selection and matching
is accomplished manually. Marr, Poggio and Grimson [1985] carried out matching of
edges detected by zero-crossing, obtained by using a DOG (difference of Gaussian)
like operator called primal sketch operator (Laplacian of Gaussian). Grimson also
discusses the reconstruction of shapes from edges for matching purpose. Leung and

Huang [1990] reported detection of wheels of vehicles in stereo images.
1.4.6 Range from Defocus

In any imaging system, the objects falling within the depth-of-focus are
sharply focused on the image plane, while the objects closer than and away from the
depth-of-focus are blurred or defocused on the image plane. The amount of defocus is
a function of depth, and Pentland [1985,1987] used this concept to derive a depth
map. A thin lens follows the lens Eq. (1.12). It can also be written in alternative form

as:

A
z - (1.25)

For a closest point at distance zo the focused image plane distance is vo (Fig. 1.3). If
the image plane is fixed at this location, then for any point at a distance z>zo the

image results in a blur circle of radius 7. From simple geometry one can see that

tan(d) = % =t (1.26)

Vo—V
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ie. y = 2% (1.27)
Vo+a

where a is the aperture of the lens. Substituting Eq. (1.27) into (1.25) gives:

_ f v
z ——_——vo—f(l+%) (1.28)

By measuring the amount of blur given by blur circle radius 7, the range z of the
corresponding point in the scene can be determined.

Subbarao [1987] described three methods to recover the range. These methods
are based on measuring the change in an image due to a small known change in one of
the three intrinsic camera parameters: (1) distance between the image detector plane
and the lens, (2) focal length of the lens, and (3) diameter of the lens aperture.
Subbarao and Gurumoorthy [1988] derived a closed form solution for a step
discontinuity. Grossman [1987] reported some experiments using 512x512 images.
The accuracy of results vary from 10% to 50 %, based on the averaging window size.
The experimental results presented by Krotkov and Martin [1986] have a magnitude
of error on the order of 10% of the object distance between 1 and 2 meters. Trevor
and Wohn [1988] presented a method of depth recovery through the analysis of scene
sharpness across a changing focus position. The performance of the range finder was
limited by the time it took focus and to zoom motors to move through all the sample
focus positions. A depth map with 10 levels of depth resolution took 10 seconds.
Dantu et al [1990] have applied the principle of defocused optics, by measuring the
amount of blur at an edge to determine the distance of a micro-manipulator probe

from a wafer surface in VLSI wafer probing.
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Today, passive ranging methods are the subject of active research. The main
objective is to achieve real time ranging capability and robustness of ranging
techniques. Structure from motion, structure from optical flow, shape from shading
and shape from texture can only compute the relative depth, i.e. orientation of surface
patches on the object surface. The stereopsis method is computationally intensive, and
suffers from a correspondence problem. The recently proposed range from defocus
requires sharp edges for ranging. Therefore, the search is still on to either discover a
robust real time passive ranging technique or to improvise and perfect the existing

ones.
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CHAPTER 2,

Translational Blur, Generation and Decoding

2.1 Introduction

The main objective of a range finding technique in machine vision is to create
reliable depth information map in real time (at least one image processing within é'
second). This objective requires the ranging technique to be simple, robust and easy
to implement.

A camera translating perpendicular to its optical axis produces an image blur
or streak, whose length is inversely proportional to the range of the object. This
principle has been proposed [Fox, 1988] to create a range map of a scene by
comparing the streaked and unstreaked images (termed a blur-acute pair) produced
respectively by a moving and stationary camera. The method possesses an advantage
over binocular stereo ranging in that there is no correspondence problem (see section
1.4.5).

The translational blur ranging may be thought of as being related to another
method proposed by Pentland [1985, 1987]. In Pentland's approach, as discussed in
section 1.4.6 (range from defocus), blur is two dimensional. It is rotationally
symmetric and depends upon the distance from the central plane of depth-of-field;
translational blur on the other hand is a function of the distance from the center of the
camera lens plane and is one dimensional. In Pentland's method, two cameras view
the same scene through a beam splitter. One camera has a small aperture and
therefore a large depth of field so that the entire scene is in focus. The other camera

has a large aperture so that the degree of focus or point spread function (PSF) is range



dependent. A PSF is defined as the response of a system to the unit impulse input.
Pentland suggests a mathematical method for calculating the range. As stated earlier,
blur due to defocused optics is two dimensional while the translational motion blur
method has the advantage of creating a one¢ dimensional blur which is computationally

easier to treat.

2.2 A Model for Translational Blur

A blur image can be thought of as a single image in which we are translating a
right stereo camera to the position of the left stereo camera (Fig. 2.1) or vise versa.
Figure 2.1a shows a pair of stereo images for a single bright point. Figure 2.1b shows
a streak due to translation of the single bright point from one geometric extreme to the
other. One can see that left and right stereo images are the geometric extremes of a
blur image. Therefore the length of the blur is the same as the stereo disparity.
Assuming that the origin of the coordinate system is located at the center of the image
plane (Fig 2.2), the relationship between the disparity and camera movement is given

by Eq. 1.24, repeated here as:

D = —= @.1)

where D is the disparity or length of blur, z is the range of the object, f is the focal
length of camera and L represents the camera translation along the x-axis. It should be
noted here that motion between the camera and an object in a scene is relative and

therefore L also represents the translation of an object if the camera is stationary.
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(a) Superimposed Stereo pair for a bright point

(b) Blur image: Streak for a bright point

Fig. 2.1. Disparity for a stereo pair and a blur image.
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Z-axis

Fig. 2.2. Geometry for translational blur.
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2.2.1 Spatio-Temporal Point of View

Bolles et al [1987] have presented a technique for building a range map of a
scene composed of stationary objects from a sequence of images taken by a moving
camera. Consider a camera moving on a straight line defined as the x-direction,
perpendicular to its optical axis (Baker and Bolles [1988] treats more generalized
motions). The successive images form a 3-D block of data (Fig. 2.3) in which the
temporal continuity from image to image is maintained if the camera displacement
between the frames is small. In Fig. 2.3 we see a cut taken through the spatio-
temporal volume to produce a spatio-temporal plane. Fig 2.4a shows this surface and
the locus cf each edge point in the original image or scene is a straight line. Bolles
uses standard search methods for lines and relates the slope of the lines in spatio-
temporal plane to the stereo disparity and thereby to the range.

The disadvantages of this method are: (1) Large amounts of memory are
required. (2) Taking many images is a time consuming process. (3) Searching through
each of the spatio-temporal planes for required feature is computationally intensive.

Let us consider a translational blur image in terms of Bolles' model of (x,y,t)
space. In order to produce a blur image, the shutter is left open during a finite
movement of the camera. Let us assume for later convenience that the motion of the
camera is aligned with its raster scan lines. A point on a raster line in the blur image
can be considered to be the integral of the brightness in the corresponding spatio-
temporal plane (Fig. 2.4a), with respect to time at a fixed value of x (Eq. 2.2 and
Fig. 2.4b), provided the distance moved by the camera between each frame while

taking the successive images (in case of Bolles et al) in Fig. 2.3, is sufficiently small.
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Fig. 2.3. A stack of successive images.
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(@) Spatio-temporal
plane

(b) Integration of
brightness with
respect to time

Gray Levels

Fig. 2.4. Integration of brightness in a spatio-temporal plane.
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g(x) = j f(x) dt 2.2)

| —

where g(x) is the blur image brightness, f(x) is the acute image brightness and T is the
frame time. According to this model the information contained in an entire block of
spatio-temporal is compressed into a single blur image. Therefore, the advantages of
the blur images are 1) the acquisition time required is reduced to one frame time, 2)
the memory required to store one image is decreased as compared to storing a block
of images. We are left with the crucial question of whether one can recover the range
information from the blur, and the physical problem of translating the camera

accurately and reliably in one video frame time.

2.2.2 Optics for Blur Generation

It is not feasible to move a camera through a cycle which would require rapid
acceleration, followed by constant velocity, a rapid deceleration and flyback to its
original position all in one National Television Standards Committee (NTSC) frame
time. Fox [1988] has proposed an optical system to simulate cyclic camera
translation. As shown in Fig. 2.5, it consists of a rotating cube with four mirrored
facets mounted on a motor. The motor drive system rotates in synchronism with a
video camera. The camera used should have no automatic gain control and should be
linear (gamma = 1). Since the correct scene is only viewable for a fraction of mirror
rotation, a shutter must be provided to eliminate extraneous views that would
otherwise be presented to the camera. It can be seen from the ray diagram of Fig.
2.5 that an increamental rotation of the cube results in a parallel shift of the optical

axis. However, to obtain the equivalent of pure lateral translation of the camera, it is
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Fig. 2.5. Principle of the displacement of optical axis.
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also necessary that the length of the optical path A-F be the same as A-F' i.e. no
camera motion along the optical axis. Analysis of the geometry shows that this is
only an approximation. Based on the range which one might typically encounter in
robotics application (1-5 meters) the rotation of mirror causes a virtual movement of

the camera along the optical axis of under 0.017 percent of the range (2 meters).

2.3  Decoding Methods

For a general representation of image formation (Fig. 2.6), consider the
general superposition integral for a blurred image formation (Andrews and Hunt

[1977]):

——8

8(5,Y) = [ [h(xe,y0,%,y,2(x0,70),f(xo,y2)) £(xe,y0) dxo dye 2.3)

8

where g(x,y) represents the image brightness function for the blurred image in image
plane coordinates (x,y), f(xq,yo) is the brightness of a point on the object, z is the
range of a point (xq,yo) on the object surface and h(xg,Yq,X,Y,Z20(X0sYo)sf(XgsYo)) is
the nonlinear, space variant PSF. For an image blurred only due to camera motion

along the x-axis of the image plane, Eq. (2.3) reduces to :

«©

8) = [ f(x) h(xo,x,ze(xs)) do 2.4)

-0

For a set of non-obscuring surfaces where the distortion is only due to the blur
induced by uniform velocity of the camera along the x-axis, the point spread function

in Eq. (2.4) takes the following form :
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h(%o,%,ze(Xs) = — rect [ =" 2.5)

w)

where D is the disparity or blur length as indicated in Eq. (2.1) and is a function of z,
f is the focal length, L is the total displacement of the camera from its initial to final
position, rect[..] = 1 for x, <x<x,+D and zero for x<x, and x>x,+D. If the current
discussion is limited to scenes that can be approximated as isoplanatic (constant range)

or as consisting of isoplanatic patches, Eq. (2.4) can be reduced to:

gx) = ]: f(xo) - h(x-x.) dx. = f®h (2.6)

—0

where ® indicates convolution.

Three methods for determining the disparity have been tested for the case of
spatially invariant blurring to determine their accuracy, computational efficiency and
robustness in the face of noise. In all cases we only consider a single raster scan line
or epipolar line under the assumption that the raster scan direction and the direction of
camera motion are aligned. It is also assumed that no new objects enter the scene

during the blur generation.
2.3.1 Minimization Approach

Since Eq. (2.1) relates the disparity to the range and Eq. (2.5) relates the
disparity to the blur function h(x,,x,z,), the determination of range is reduced to a

search for the blur function. One way of accomplishing this is to arbitrarily select a
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value for D and to convolve & with the acute image f to produce a synthetic blur
image, gq(x,y). We have selected the sum over all pixels of the absolute difference of
gray levels between the calculated and actual blur images as the error measure of the
guessed point spread function. A value of D can be determined which minimizes this

error.
2.3.2 Fourier Transform Approach

From Eq. (2.6) it can be noted that in the special case of constant disparity i.e.
constant range, the blur image is the convolution of the acute image and the space
invariant point spread function. This equation is also valid if the range varies with
respect to y alone. In addition if the scene consists of a foreground for which the
disparity is invariant in x, viewed against a uniformly bright background then the
background and foreground have appearance of being co-planar.

Sawchuk [1972, 1974] has demonstrated that a deconvolution procedure can be
used to recover a sharp image from a blurred image when the PSF is known.
Conversely, Fox [1988] has shown for synthetic images that a deconvolution process
yields the PSF and therefore the disparity, when the scene is isoplanatic or can be
approximated by a set of isoplanatic patches. Taking the Fourier transform of the

equation (2.6) and solving for the PSF yields :

hxo - = F! M’l)l 2.7
o) = FA Htecya] | @7

where F[g()] and F[f()] are the Fourier transforms of the blurred and acute image

respectively and F-1[] represents the inverse Fourier transform.
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2.3.3 Method of Slopes : A Local Approach

Object edges can be ranged by finding the derivative of the brightness in the
blur direction (Fox [1988]). In Fig. 2.7 the image of an edge has been approximated
as a discontinuity between the two regions of linearly varying brightness. The
brightness, g(x), of a pixel in the blur image in such a case is obtained from Bolles'

model by shifting and integrating the acute image :

(Ez2- E1)(x-x*¥) + (n-m)(x -x*)?

g(x) =Ei - mg + m(x-x*) +

D 2D
for x* <x < x*4D 2.8)
D .
gx) = Ei - m-2— + m(x-x¥*) for x < x* (region 1) (2.9)
D .
gkx) = Ez - n? + n(x-x*) for x > x*4D (region 2) (2.10)

where m and n are the brightness gradients of the two regions separated by the edge,
x™ is the location of the edge in sharp image, D is the disparity or length of blur, and
E, and E, are the brightness of region-1 and region-2 at the edge x*. If the brightness
gradient is known in the blur region, then Eq. 2.8 differentiated with respect to x, can

be used to determine D:
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(E:-E) Hn-m)(x -x*)
D

g'(x) =m + for x* <x <x*4D .11

The next step is to test these decoding methods for robustness.
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Fig. 2.7. An edge separating two regions of linearly varying brightness.
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CHAPTER 3.

Tests for Robustness, Simulation and Real Image Analysis

3.1 Introduction

A preliminary study was carried out with simulated images to test the three
decoding methods for robustness. The simulated images included the simplest case
consisting of isoplanatic surfaces. The decoding methods found to be robust were
tested further using more complex surfaces. Since the blur is only in the x direction
i.e. the raster scan direction, a single raster line was generated and analyzed. The

rotating mirror system generating a blur image was also tested.

3.2  Tests for Simulated Rectangle Function Images

A rectangle function image was created (Fig. 3.1), simulating a raster scan
line of a uniformly bright planer object 30 pixels wide, on a gray background. The
background gray level was set to zero while the foreground object had a gray level
value of 10,000. The blur image was then created assuming that the planer surface
was parallel to the image plane (Fig. 3.2), by integrating a series of rightward shifted
images to produce a blur length of 10 pixels. The amplitude was then rescaled to
account for any shutter time difference between the blur and acute images.

The blur-acute pair were analyzed using the minimization algorithm, Fourier
transform method and slope method. Each yielded the correct disparity of 10 pixels

for the target described above.
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Fig. 3.1. Stationary image.
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Fig. 3.2. Blurred image.
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In order to better simulate the real images, noise was injected into the
synthetic images. Single pixel noise of gray level value of 10% of the magnitude of
the step function gray level, was added in the blurred image (Fig. 3.3) at pixel
number 200.

The minimization algorithm and the slope method still yielded the correct
disparity of 10 pixels. The point spread function obtained using the Fourier
deconvolution method is shown in Fig. 3.4. It can be seen that even a small amount
of noise has a pronounced effect on the calculated PSF. Although it is possible that
the correct disparity can be recovered with appropriate filtering of the result, at this
point it must be said that the method is not robust.

Gaussian noise with a mean value of 10% of the maximum image brightness
and a standard deviation of 5% was added to the blurred image. Both the
minimization and slope method still produced the correct disparity of 10 pixels. The

Fourier method yielded a result which was too noisy to interpret.

3.3  Results Using Quasi-Real Images

We term the images used in the following tests "quasi-real", because the
apparatus used to obtain them is impractical for real-world operation. In order to
further investigate the robustness of the blur decoding methods, stationary and blurred
images of a white paper stripe on a black background were obtained (Fig. 3.5) using a
lathe to produce object motion. The lathe carriage (carrying the object) speed was
16.05 inch/minute. A 14-bit camera (Photometrics Limited, model CC200) with a
shutter exposure time of 3.0 seconds was employed. The resulting blur length hence

disparity was 33 pixels.
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Fig. 3.3. Blurred image with a pixel noise (10% of the max.).
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Fig. 3.4. Point Spread Function (Fourier transform approach).
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Fig. 3.5. Quasi-real images.
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The minimization approach (Fig. 3.6) and slope method algorithms resulted in
the correct disparity of 33 pixels. As expected from noise tests the Fourier

deconvolution approach could not extract the disparity from the quasi-real images.

3.4 Blur Images From Rotating Mirror

A schematic of the experimental setup is shown in Fig. 3.7. An 8-bit CCD
camera (Pulnix America Inc., model TM-845) along with a frame grabber (Imaging
Technology Inc., Pcvision Plus) mounted in an IBM PC/AT was used for acquiring
the images. The rotating mirror system was fabricated by Lincoln Laser Company.
The mirror rotational speed was maintained at 30 rotations per second in synchronism
with video camera frame rate. A real blur image was acquired using a shutter speed of
1/4000 second and an optical axis displacement of 0.6623 inches. A paper target was
used consisting of a white stripe on a black background with range of 73.25 inches.
The resulting brightness profiles for a single raster scan line are shown in Fig. 3.8.
The stereo disparity determined by direct observation was 23 pixels.

Application of the minimization approach resulted in a disparity of 24 pixels,
while the method of slopes yielded 25 pixels. The Fourier deconvolution failed to

produce a discernible rectangle function.

3.5 Analysis

Analysis of simple images demonstrated that decoding of blur information to
obtain disparity can be accomplished with either an error minimization approach or by
analysis of the blur derivative. Fourier deconvolution appears not to be robust because
of its instability in presence of image noise. Both the error minimization methods and
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Fig. 3.6. Results of minimization approach for quasi-real images.
Error = sum of the square of gray level values of

(Stationary-blurred - Blurred) image.
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Fig. 3.8. Real images.
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the slope analysis have excellent noise tolerance. The method-of-slopes is better suited
for real time implementation due to its non-iterative nature. The rotating mirror

system designed to produce sawtooth shifting of the camera optical axis functioned as

predicted.
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CHAPTER 4.
Experiments, Method of Slopes
4.1 Introduction

The preliminary tests described in chapter 3 demonstrated that the method-of-
slopes and the minimization approach are robust for decoding the disparity of.
isoplanatic surfaces. The non-iterative nature of the method-of-slopes indicates its
potential for real-time implementation. To fully explore the method-of-slopes, the

next logical step is to test it on an inclined plane and cylindrical surfaces.
4.2 Inclined Plane Surface

Consider a plane surface inclined at some angle 90°-a to the camera optical
axis, as shown in Fig. 4.1. Pixel areas at a location x;, X;;, X3, ..., X;.,, T€ceive the
light intensity from surface patch areas dA;, dA,,, dA,,, ..., dA, .., Tespectively.

The brightness intensity at a pixel x; can be defined by:

£(xi) =% ';ju E % cos(@) (1+tan(a) cot(4)) @.1)

where i is the pixel index, t, and t_ are the camera shutter opening and closing times,
T = t,-t, is shutter time interval, E, is the brightness of the surface patch area dA,
viewed by the pixel x; of the area dx;, a is the angle between the surface tangent and

the image plane, ¢ is the angle between the ray joining the leading edge of a pixel to



Optical axis

z

motion

Pinhole lens

\ XX pe X im+1
Image plane

Fig. 4.1. Imaging of a plane surface inclined to the optical axis.
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the corresponding surface patch and the image plane. A blur image is generated when
the plane travels across the camera during the camera shutter interval or vice versa. If
the inclined plane is assumed to have uniform relative motion from left to right (Fig.
4.1), then in the image plane, the total irradiance on a pixel x; due to patches dA,,
dA;,, dA,,, ..., dA, ., as they traverse across the ray from pixel x; projected

through the lens center, is given by:

g(xi)=% [:I: Ei%i—icos(a) (1+tan(a@)cot(g)) + :IjEi-ldAi-l cos(a) (1+tan(a)cot(@-1))

dxi-1

t=tm
o+ J' Ei-ms1

t=tm1

f-m+1

cos(a) (1+tan(@)cot(d-m+1)) ]

o

4.2)
where t;, t,, ..., t_, are the intermediate time readings between t, and t_. From Eq.
4.1, the brightness at any pixel x; can be substituted for the brightness gray level in

the sharp image:

_l t=t . t =t . 1+[an(a)COt(¢'—l)
g(x) = [.J;.,f(x') de -+ i"f("" ) dt 1 +tan(a)cot(¢)

+ ... +t_=[hf‘(m.m) g LHan(a)cot(s-m +1) ] @.3)
1 +tan(a)cot(s)

t =tm

If the relative motion between camera and the surface patch is assumed to be
uniform then every point on the object will have a uniform velocity with respect to
the camera. This will result in uniform velocity of each image point in the image
plane. If D,, D, ,, D,,, ..., D, are disparities and V;, V,,, Vi, ..., V.4, are

velocities at sensor pixel x;, X, ;, X9, -+, X, m4+; then the velocity is given by:
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and shutter time can defined as;

T = E _Dia _ Di-2z _ _ Di-m
Vi Vi Vi-2 Vi-m
or
—1- _ dt i - dt i-1 = = dt i-mH
T Di Dia ) Di-m+

Substitution from Eq. 4.6 for shutter time into Eq. 4.3 results in:

Xy f(x:) Xtz f(Xi . l) 1+ tan(a)cot(¢i ~ ])
g(x;)= x'l[, D dx + x{l Di- dx 1+tan(a)cot(@)

+ J- f(xi- m+l) 1+tan(a)cot(¢i.m+1)
4 Dimny 1+tan(a)cot(¢)

Since cot(g) = ? (see Fig. 4.1), Eq. 4.7 can be written as:

Xy Xpa
i i + Xi-
g(x,)= J' f(xl)dx + J'f(x 1) dx I+ x ‘1 tan(@)
. Di 0, Di- 1+ xitan(a)
N 'j'" £(i-m+1) o 1+ Xi-me1 tan(a)
' o Diimen 1+ xitan(@)
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For angle of inclination o approaching 90°, the inclined plane becomes a step edge.
Therefore, to take into account the imperfect step edges here we consider the surfaces
with o < 80° as the inclined plane case. For a 14-bit CCD200 camera with focal
length f = 28 mm and pixel size of 0.02 mm, a blur length of 20 pixels from origin,

+ Xi-m+1 tan(a)

= 1 with in 7.5% deviation. The Eq. 4.8 reduces to:
1+ xi tan(a)

1
the factor

x| x|, b3 x|
W) (i 1) J*rf(m.mﬂ) e fx)
= |2 gx ¢ [V gy 44 [ DEmelg o [ 4.9
8(x,) { D j o Dimet 1D #-9)

Xy, K.t

If the blur length of the last pixel across the ray from a pixel x and the camera lens

center is D, then Eq. 4.9 takes the form:

gx) = | 1_1;% dx (4.10)

xi-Dm
Note that the lower limit of integration involves D,,, which depends upon the range of
the pixel at location x-D,,. Equation 4.10 can be solved either by assuming that the
surface patch between pixel x and x-D,, is isoplanatic (isoplanatic estimation
approach), or by estimating the blur at the starting point of a surface patch and
removing its contribution from successive pixels. In the second approach, the gray
level left at a pixel after the removal of previous blurs is the estimated blur gray level
at that pixel. Blur length is obtained by dividing the corresponding gray level value in
sharp image with the estimated blur gray level (intensity division approach). This
approach requires a starting point such as an edge discontinuity. The isoplanatic

estimation approach does not need a starting point. It should be noted here that in a
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blur image, the brightness intensity level is function of the angle of inclination o and
the disparity. Physically, it is a problem of one equation with two unknowns, and we
need one constraint to solve it. At an edge between two inclined surfaces, the
brightness gray level in a blurred image is function of four unknowns: the angle of
inclination of the background and the foreground surfaces, and the disparity of the
background and the foreground surfaces. This case of one equation and four
unknowns can not be solved analytically.

Let us consider the edge problem in more detail. Figure 4.2 shows a blur-
acute pair containing a step edge between two uniformly varying brightness surfaces.
At the blurred edge, this pair does not indicate whether the right surface is moving
over the left surface, or the left surface is uncovering the right surface. The length of
the blurred edge region corresponds to the maximum of the two surface disparities. If
this maximum of two disparities is due to the surface under consideration, then the
remaining disparity values on the surface can be recovered. In a physical sense, at an
edge, the disparity of the background surface can not be recovered. To understand
this problem clearly, let us consider three consecutive surface patches overlapping
each other. At the edges, let us assume that the first surface is occluded by second,
and the second surface is occluded by the third. Let us also assume the algorithm
proceeds in a left to right direction. Since the length of the blurred edge region
between first and second surface is equal to the disparity of the second surface, and
the second surface is foreground as compared to the first surface, the disparity values
at the pixels on the second surface can be determined. Similarly, between the second
and the third surface, the length of the blurred edge region is equal to the disparity of
third surface, and the disparity values at the third surface (foreground surface) can be

determined. Now let us explore the other possible occlusion condition, in which the
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Fig. 4.2. Blur-acute pair.

65



first surface occludes the :=cond surface and the second surface occludes the third
surface. Since the length of the blurred region at the edge between first and second
surface is equal to the disparity of the first edge, and the second surface is
background as compared to the first surface, the disparity values at the pixels on the
second surface can not be determined. Similarly, at the edge between the second and
third surfaces, the third surface is background as compared to the first surface;
therefore, the disparity values at the pixels on the third surface can not be
determined. This problem dictates the need for the acute image at the other geometric
extreme (right hand acute image). Therefore, three images are needed to discern the
disparity at the edges and the corresponding surfaces: the left or beginning acute

image, the blurred image and right or end acute image.

4.3  Simulation and Analysis: Isoplanatic Approach

A blur-acute pair, containing three surface patches having brightness gradients
of 5, 20, 40 respectively, a y-axis intercept gray level value of 5000, and a uniform
disparity of 15 pixels, was created as shown in Fig. 4.3. Algorithm, using the
isoplanatic approach in the neighborhood of a pixel, resulted in the correct disparity
of 15 pixels (Fig 4.4). To increase the complexity a blur-acute pair containing three
surface patches, with different brightness gray levels but the same brightness
gradient of 40, and a gradient of 0.05 in disparity, was created (Fig. 4.5). The
isoplanatic approach resulted in disparity values exhibiting a staircase pattern as
expected (Fig. 4.6). The average gradient of the result approximates the actual
gradient but the absolute values have a shift.

A blur-acute pair containing three surface patches, with a gradient in
disparities of 0.2, 0.4 and 1.0 was created (Fig. 4.7). The actual and resultant
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Variable Brightness Gradients of 5, 20 and 40
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Fig. 4.3. A blur-acute pair with variable brightness gradient

67



20 1
''''' Simulation

Isoplanatic
1 b
15 i ] Approach

Disparity
=)

0 T T YT T T T T T Y

e 2 8 2 S

-— — [§\]

Pixel Number

250 |

Fig. 4.4. Disparity of isoplanatic surface patches with variable brightness gradient
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Fig. 4.5. A blur-acute pair with different brightness levels, a

constant brightness gradient, and a gradient in disparity
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Fig. 4.6. Results of blur-acute image pair with a gradient in disparity
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Fig. 4.7. A blur-acute pair for surfaces with different gradients in disparity
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disparity values are shown in Fig. 4.8. The plot indicates that best fit gradient in
disparity approximates the actual disparity gradient, but the absolute disparity values
have an offset from the actual disparity values. Offset increases with the gradient.
Note that the oscillation in the disparity is due to the noise in the blurred image
resulting from truncation error.

Here one should note that the isoplanatic approximation concept does recover
the gradient in disparity, but the values are offset. The offset increases with the

increase in brightness level of the surface and the gradient in disparity.

4.4  Simulation and Analysis: Intensity Division Approach

To check the validity of this algorithm based on the intensity division
approach, preliminary tests were carried out on isoplanatic surfaces. A left acute
image, containing three overlapping surfaces of uniform gray levels 6000, 10000, and
8000 respectively, on a black background (Fig. 4.9), was generated. The three
surfaces were assigned a disparity of 10, 20, and 15 pixel lengths (Fig. 4.10), and
both a blurred and a right acute image were generated (Fig. 4.9). The inclined plane
algorithm, based on the intensity-division-approach produced the exact disparity
values of 10, 20, and 15 (Fig 4.11 and 4.12) associated with the three respective
surfaces. Figure 4.11 shows the results of the algorithm, on its traverse from left to
right, using the left acute and the blurred image. Figure 4.12 shows the results of the
algorithm on its traverse from right to left, using the right and the blurred image.
Tests with images containing three surfaces patches overlapping each other also
produced the actual disparity values. These results indicate that algorithm performs

well on isoplanatic surfaces.
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Fig. 4.8. Results for surfaces with three different disparity gradients
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Fig. 4.9. A blur-acute image set for a scene consisting of three isoplanatic

surfaces with different disparity and brightness levels
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Fig. 4.10. Disparity for three isoplanatic surfaces.
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4.4.1 Inclined Plane

A blur-acute image set (Fig. 4.13) containing three overlapping surface
patches (Fig. 4.14) with respective brightness gradients of the order of 5, -7, and 8
was generated. The resultant disparity values, using the division of intensity
approach, is shown in Fig. 4.15. To more closely approximate real images, a
Gaussian noise of the order of 1% of the maximum gray level value was added in the
blur-acute image set (Fig. 4.16). The resultant plot of the recovered disparity values
is noisier (Fig. 4.17). The result from a blur-acute image set containing 5% Gaussian
noise is shown in Fig. 4.18. The plot depicts further degradation in disparity values.

Therefore, disparity degrades gradually with increase in noise.

4.4.2 Cylindrical Surface

A semi-cylindrical surface (included angle = 180°) occluding two inclined
plane surfaces (Fig. 4.19) at an angle of 45° and 135°, respectively, from a plane
perpendicular to camera optical axis, was generated. The blur-acute image set is
shown in Fig. 4.20. The intensity-division-approach produced a disparity values plot
as shown in Fig. 4.21. The result indicates a large deviation in values near the edge
of the semi-cylindrical surface, and the best fit disparity profile seems to follow the
actual disparity profile. Figure 4.22 and 4.23 show the results of a blur-acute image
set containing the semi-cylindrical surfaces, with included angle 175° and 170°
respectively. The results indicate that the deviation near the edge of the of the semi-
cylindrical surface has reduced. To more closely approximate the real images, a
Gaussian noise of the order of 1% of the maximum gray level (Fig. 4.24) was added
in the blur-acute image set. The results obtained by the algorithm (Fig. 4.25) show
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Fig. 4.13. A blur-acute image set for three inclined plane

surfaces with different brightness gradients
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Fig. 4.14. Three inclined plane surfaces
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Fig. 4.15. Results for three inclined plane surfaces
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Fig. 4.16. A blur-acute image set for three inclined plane surfaces with the

Gaussian noise of the order of 1% of the maximum gray level
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Fig. 4.17. Results of blur-acute image set with 1% Gaussian noise
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Fig. 4.18. Results of blur-acute image set with 5% Gaussian noise
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Fig. 4.19. Two inclined planes and a semi-cylindrical surface.
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Fig. 4.20. A blur-acute image set for two inclined planes

and a semi-cylindrical surface
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Fig. 4.22. Results of inclined planes and a semi-cylindrical surface

(included angle of the semi-cylindrical surface = 175°)
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Fig. 4.23. Results of inclined planes and a semi-cylindrical surface

(included angle of the semi-cylindrical surface = 170°)
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Fig. 4.24. A blur-acute image set for two inclined planes and a

semi-cylindrical surface with 1% Gaussian noise
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Fig. 4.25. Results of inclined planes and a semi-cylindrical

surface in presence of 1% Gaussian noise
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that the disparity values still follow the actual disparity profile. If the Gaussian noise
level is increased to 5% (Fig. 4.26) the result obtained is noisier (Fig. 4.27) but still

follows the actual disparity profile.

4.4.3 Quasi-Real Images

A quasi-real blur-acute image pair of a cylindrical object (Fig 4.28) was
obtained by mounting a 14-bit camera on a motor driven translational positioning
stage. The intensity- division-approach produced the results as shown in Fig. 4.29.
The best fit profile follows the actual disparity profile. Therefore, the intensity-

division-approach is robust in the face of noise.
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Fig. 4.26. A blur-acute image set for two inclined planes and a

semi-cylindrical surface with 5% Gaussian noise
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surface in presence of 5% Gaussian noise
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Fig. 4.29. Results of quasi-real images of a cylindrical object
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CHAPTER &.

Conclusion

5.1 Summary

The binocular disparity of a point in a scene is inversely proportional to the range.
This concept has been used to derive the range of an isoplanatic surface patch. A rotating
mirror system was tested to generate blurred images. It produced the linearly blurred image
of an isoplanatic patch within + 2 pixels for a blur length of 22 pixels. Three decoding
methods minimization approach, method of slopes and Fourier deconvolution approach, were
tested on simulated, quasi-real and real images. The method-of-slopes and the minimization-
approach were found to be robust. The non-iterative method-of-slopes was investigated
further for inclined plane surfaces. Algorithms based on brightness of a blurred image of an
inclined plane surface (Eq. 4.10) were developed and implemented using the isoplanatic
approach and the intensity-division approach. The isoplanatic approach was able to determine
the gradient of the disparity on the surface but the absolute values of the disparity were
offset. The offset increased with the increase in the gradient of the disparity and the level of
brightness. It was discovered that a right acute image is needed to decode a blur-acute image
set containing occluding surfaces. The intensity-division approach determined the disparity
values within + 20% deviation. Addition of Gaussian noise produced noisier results. The
results degrade gradually with the increase in Gaussian noise level. Further tests on a semi-
cylindrical surface indicate that best fit profile approximates the actual disparity profile. The
results degrade gradually with the increase in Gaussian noise level. A test with a real image

of a cylindrical surface produced disparity values closer to the actual values.



The blur-acute image set can be acquired in one frame time, and the main problem
remaining is to recover disparity. Advent of faster and smaller computers will reduce the
computation time drastically. Therefore, the intensity division approach has potential for real

time implementation

5.2 Assumptions and Limitations

(1) Time it takes the camera shutter to open and close is very small as compared to the total
shutter time.

(2) Relative motion of the camera is uniform and parallel to the image plane.

(3) Objects in a scene consist of smooth and lambertion surfaces.

(4) Inclined plane surface equation assumes that the surface distortion effect is negligible.

(5) Method-of-slopes assumes that angle of inclination of an inclined plane should be less

than or equal to 80°.

53 Future Work

(1) As a first step toward real time implementation the rotating mirror system should be
integrated with the 14-bit camera controller to synchronize the camera shutter timings with
the rotational speed of the mirror cube.

(2) Since the method-of-slopes algorithm using isoplanatic approach works nicely on the
interior of a surface patch to provide the gradient of the inclined plane surface and the stereo
method provides the results at the edges, a combination of the two could be tested.

(3) Method-of-slopes using intensity-division approach should be tested further on more

complex images containing surfaces of arbitrary curvature.
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