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Abstract 

Illumination is one of the basic factors that influence the quality of all intensity images in 
computer vision. Surprisingly, very few researchers have studied how illumination planning 
can make a difference in the quality of a computer vision method. Almost all intensity based 
computer vision techniques, including edge based methods, segmentation methods, and 
photometric methods, are affected by illumination. Since photometric methods directly 
model intensity, photometric measurements may be the intensity based computer vision 
technique which is most sensitive to illumination. 

Photometric techniques use physically based reflectance models to model image brightness 
based on lighting geometry, imaging geometry, local shape, and reflectance. If we can con- 
trol imaging geometry and illumination geometry, we can use a reflectance model in con- 
junction with measured image brightness to determine local shape and reflectance 
parameters. 

In photometric stereo, which is one class of photometric techniques, multiple images of an 
object are taken from the same viewpoint, using different light source directions, in order to 
determine local shape. The position of the light sources affects what parts of the object are 
illuminated and the accuracy with which you can recover the object’s local shape. 

This thesis explores how illumination affects the reliability of the photometric measurement 
of surface orientation. We discuss the determination of surface orientation in the presence of 
intensity noise for the following: lambertian surfaces, rough diffuse surfaces, specular spike 
surfaces, and specular lobe surfaces. In addition to discussing how illumination affects the 
reliability of the photometric measurement of surface orientation, we also discuss how illu- 
mination affects the reliability of reflectance parameter measurements for specular lobe sur- 
faces, and we discuss how to illuminate hybrid (specular lobe + lambertian) surfaces. 

There are two basic types of errors in photometric measurements: random errors (noise) and 
fixed errors. Random errors are due to the variance of the camera and digitizer. These are the 
errors that we try to predict with our planner. Fixed errors include: errors in light source 
direction, errors in light source radiance, and errors in the photometric function. Fixed errors 
can be accounted for by a careful calibration procedure. 
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Chapter 1 
Introduction 

Illumination is one of the basic factors that influence the quality of all intensity images in 
computer vision. Surprisingly, very few researchers have studied how illumination planning 
can make a difference in the quality of a computer vision method. Almost all intensity based 
computer vision techniques including edge based methods, segmentation methods, and pho- 
tometric methods are affected by illumination. Since photometric methods directly model 
intensity, photometric measurements may be the intensity based computer vision technique 
which is most sensitive to illumination. Therefore, we choose to study how illumination 
affects the quality of photometric measurements. 

Photometric techniques use physically based reflectance models [Nayar 91al to model 
image brightness based on lighting geometry, imaging geometry, local shape, and reflec- 
tance. If we can control imaging geometry and illumination geometry, we can use a reflec- 
tance model in conjunction with measured image brightness to determine local shape and 
reflectance parameters. 

In photometric stereo, which is one class of photometric techniques, multiple images of an 
object are taken from the same viewpoint, using different light source directions, in order to 
determine local shape. The position of the light sources affects what parts of the object are 
illuminated and the accuracy with which you can recover the object’s local shape. The prob- 
lem is to determine the best light source configuration for measuring the local shape of a 
given object. For example, if we arrange light sources in the shape of a tessellated sphere, 
Fig. 1-1. , the optimal light source positions am not obvious, and the number of potential 
light source combinations is too large for a human operator to consider. 

We investigate the illumination planning problem from two perspectives. First, we deter- 
mine how to position light sources around an object so that we illuminate a specified set of 
faces in an efficient manner. In order to solve this problem, we have to determine light 
source visibility and we have to find some method of efficiently ”covering” a specified set of 
object faces. 

Secondly, we determine how to position the light sources so that they give us a reliable mea- 
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Fig. 1-1. Experimental setup 

surement of local shape. There are two basic types of errors in photometric measurements: 
random errors (noise) and fixed errors. Random errors are due to the variance of the camera 
and digitizer. These are the errors that we try to predict with our planner. Fixed errors 
include: errors in light source direction, errors in light source radiance, and errors in the pho- 
tometric function. Fixed errors can be accounted for by a careful calibration procedure. 

Noise causes uncertainty in our measurement of local shape. The amount of uncertainty that 
this noise will create in our measurement will depend on light source positions. By using a 
noise model of the CCD, a CAD model of the object we are measuring, and the appropriate 
reflectance model, we can determine how much uncertainty we can expect in our surface 
orientation measurement for a given light source conftguration. We can find an optimal light 
source configuration: one that produces a minimum amount of measurement uncertainty. 
Our ability to predict the uncertainty in our measurements gives us the capability to deter- 
mine when a shape differs in a statistically significant amount from what we expect. 

This thesis explores how illumination affects the reliability of the photometric measurement 
of surface orientation. We discuss the determination of surface orientation in the presence of 
intensity noise for: lambertian surfaces, rough diffuse surfaces, specular spike surfaces, and 
specular lobe surfaces. In addition to discussing how illumination affects the reliability of 
the photometric measurement of surface orientation, we also discuss how illumination 
affects the reliability of reflectance parameter measurements for specular lobe surfaces, and 
we discuss how to illuminate hybrid (specular lobe + lambertian) surfaces. 

The environments we study are structured. We will assume that we know what we are look- 
ing at (i.e.: We have a CAD model of the object that we want to measure.) and that we know 
the pose of the object. Using this, we can plan our light source placement to sequentially 
illuminate the entire surface of the object (cover the object) that we are trying to measure, 
and we can also use our a priori geometric knowledge of the object to optimize our measure- 
ment of local shape. We assume orthographic projection and parallel incident light through- 
out this work. 

We view the illumination planning problem in a model driven manner so that our illumina- 
tion planners can solve different problems using similar methodologies. This allows us to 



measure objects with different shapes, made of materials with different reflectances, using 
sensors with different noise characteristics, while using a similar solution framework. From 
a high level, we view our problem as having three major inputs: the CAD model of the 
object we are trying to illuminate, the noise model of our sensor (the noise model for our 
CCD camera), and the reflectance model of the object we are trying to measure. These mod- 
els are used to generate an illumination plan. 

Object CAD Model Sensor Noise Model Reflectance Mode.] 

I 
Illumination Planner 

+ 

Fig. 1-2. IUumination planning dataflow 

In this thesis, we explore how illumination affects one computer vision technique, photo- 
metric methods. While photometric methods may be the intensity based computer vision 
technique which is most sensitive to illumination, it is hoped that this work will motivate 
others to study how illumination can affect other intensity based computer vision tech- 
niques. 

1.1 Previous Work 
Illumination planning is a subset of sensor planning. Tarabanis [Tarabanis 951 defines sensor 
planning as “an emerging research area that tries to understand and quantify the relationship 
between objects to be viewed and the sensors observing them in a model-based, task 
directed way.” He classifies sensor planning, by using the task to be achieved, in three cate- 
gories: object feature detection, model-based object recognition and localization, and scene 
reconstruction. Object feature detection determines sensor parameters so that an object fea- 
ture, of a known object, in a known pose, is sensed within certain requirements, such as 
focus and resolution. Model-based object recognition and localization determines sensing 
configurations for recognizing an object. The best sensor configuration is determined by 
using object models, sensor models, and information already obtained. Scene reconstruction 
determines sensor configurations for building a model of an unknown environment. Our 
work can be categorized in Tarabanis’s “object feature detection” classification. Below, we 
summarize sensor planning work that falls under this classification. We also include a brief 



review of relevant photometric methods, and a summary of previous photometric stereo 
error analysis techniques. 

1.1.1 Visibility and Camera Viewpoint Planning 

Cowan developed the synthetic approach to determining a camera’s viewpoint. In this 
approach, sensor locations that satisfy a task are determined directly using optimization 
techniques. In [Cowan 881, given a camera and lens, he develops methods for determining 
3D camera locations that satisfy the following requirements: focus, field of view, visibility, 
view angle, and prohibited regions. For each requirement he builds a 3D region that satisfies 
the requirement. Then, he intersects the regions to find camera locations that satisfy all the 
requirements. 

The visibility constraint is the most relevant constraint to our work. Cowan determines visi- 
bility using the concept of “separating support planes”. Given a convex polygon “S” and an 
occluding convex polygon “O’, a separating support plane divides space into two halves. 
One half space contains S and not 0. The other half space contains 0 and not S. The half 
spaces are constructing by rotating a plane about each edge of S .  This plane is oriented so it 
is between 0 and S, overlapping S .  Then, the plane is rotated about each edge of S until it 
hits a vertex or an edge of 0. This is repeated for each edge of S, and for each edge of 0. 
The union of all the half spaces containing S forms the set of viewpoints where 0 does not 
occlude S .  The procedure can be extended to convex polyhedral objects and obstacles. 

suppon plane 
I 

~~ . 

Fig. 1-3. Cowan’s Separating Support Plane 

In [Tsai 891, Tsai and Tarabanis develop a method for determining the visibility regions for 
general concavdconvex polyhedral targets occluded by general concave/convex polyhedral 
obstacles. Their method, at its heart, is similar to Cowan’s method. They have added a con- 
vex decomposition algorithm, and have improved the computational efficiency of Cowan’s 
original algorithm. Abrams [Abrams 931 extended Tsai’s work to planning a series of view- 
points for a preplanned task. 

In [Tarabanis 901, Tarabanis, Tsai, and Allen use the methods of [Tsai 891 to search for visi- 
ble regions where a feature can be viewed. Then, they determine the admissible camera 
locations where a feature can be resolved to a desired resolution. Locations are determined 
for orthogonal and general viewing directions. 



In [Tarabanis 911, Tarabanis, Tsai, and Allen expand on their previous work. They want to 
determine camera pose and optical settings so that a polyhedral object is visible, in the field 
of view, in focus, and resolved to sufficient resolution (four constraints). They pose the 
problem as an optimization problem in an 8 dimensional space. The camera orientation and 
position contain five degrees of freedom. The distance from the back nodal point to the 
image plane, the lens focal length, and the aperture are the three other degrees of freedom. 
Visibility is determined using the method described in [Tsa i  891. The other constraints are 
posed as inequalities, and are merged into one optimization function with arbitrary weights 
assigned to each constraint. The function is then optimized using the visibility region 
boundaries as optimization constraints. 

Tsai and Tarabanis and Cowan use a synthesis approach to sensor location. The sensor loca- 
tions that satisfy a task are determined directly using optimization techniques. Sakane, X, 
and Ikeuchi use a generate and test approach. Sensor locations are generated. Then, they are 
evaluated against a criteria function. 

In [Sakane 871, Sakane describes a system that determines camera placement on a geodesic 
dome, that is placed around a target's point of interest. The camera is placed so that the point 
of interest is not occluded by other objects in the environment or by the manipulator holding 
the camera. Sakane determines occlusion free regions by doing depth buffering from the 
center of the dome to each facet. The minimum distance is stored at each facet. If the mini- 
mum distance is less than the radius of the dome, the viewpoint is occluded. The radius of 
the geodesic dome is chosen to get sufficient target resolution. 

Ikeuchi and Robert [Ikeuchi 91al [Kumar 911 developed the Vantage geometriclsensor mod- 
eling system. Vantage is able to determine sensor detectability for scenes consisting of mul- 
tiple objects. Vantage determines visibility and two types of occlusion: self-occlusion and 
cast-occlusion. Self-occlusion DCCUIS when the angle between a surface and a sensor is 
greater than 90". Cast-occlusion occurs when the visibility of a surface is blocked by 
another surface. Vantage has the ability to determine partial visibility of a surface. Visibility 
for multiple sensors can be combined using boolean operators to create higher level visibil- 
ity functions. 

1.1.2 Rlumination Planning 

In [Sakane 901 [Sakane 911, Sakane describes positioning light sources for a photometric 
stereo system. He tries to optimize the extracted surface normal and the surface coverage for 
lambertian surfaces. Sakane uses the method of determining occlusion free viewpoints 
described in [Sakane 871 to find candidate positions for the light sources. These positions 
provide shadow free illumination. 

Sakane proposes a metric of surface orientation reliability that relies on the condition num- 
ber of the source matrix to estimate the emr in the surface normal vector (By definition, IN1 
= 1.): 



The second metric Sakane uses is the size of the intersection region of the three light sources 
and the camera on the gaussian sphere. The three light sources will illuminate a three hemi- 
spheres of the Gaussian sphere, and the camera will be able to observe a hemisphere of the 
gaussian sphere. By intersecting these four hemispheres, Sakane determines the amount of 
the gaussian sphere that is detectable. 

Sakane combines the detectability metric and the surface orientation reliability metric into a 
single criterion function. The relative weights of the two metrics are arbitrary. In [Sakane 
911, Sakane uses a movable camera. This allows a further degree of freedom in optimizing 
the detectability metric. In [Niepold 871, Sakane considers lambertian edge contrast as a 
metric. Visibility seems to be determined using the methods described in [Sakane 871. 

In [Cowan 891, Cowan discusses positioning point light sources for scene illumination. 
First, given a viewpoint region, Cowan finds the minimum and maximum camera apertures 
that bound the viewpoint region. Then, Cowan relates image irradiance to scene radiance 
and scene radiance to lambertian scene irradiance. Assuming a camera with a certain 
dynamic range, and a light source with a certain flux, he determines the minimum and max- 
imum distance from the surface that the light source can be positioned. 

In [Cowan 911 Cowan considers the edge contrast of convex lambertian surfaces. He deter- 
mines the possible source orientations and distances, with respect to a given convex comer 
(consisting of two lambertian surfaces), that produce a required intensity difference (con- 
trast) between the two surfaces. 

In [Yi 891, Yi considers edge contrast for specular lobe objects, using a polarized light ver- 
sion of the Torrance Sparrow model. Yi forms a discrete spherical viewing space, with 
points positioned so that the arc length between viewing points is approximately equal. At 
discrete points along an edge Yi calculates the intensity difference. Then, he finds the “con- 
trast distribution function” metric, which tells how much of the edge has a contrast above a 
certain threshold. The second metric is sensor visibility of the edge, which he defines as the 
ratio of the unoccluded portion of the edge to the entire edge length. Given a set of required 
edges, Yi searches for the light source and sensor position which maximizes the two crite- 
rion functions. Yi does not describe how he combines the two criterion functions. The 
results presented in the paper are for a synthetic cylinder and cube. No real results are pre- 
sented. 

The SPIE (Society of Photo-Optical Instrumentation Engineers) has a large literature 
[Batchelor 851 [Batchelor 891 [Batchelor 901 on machine vision. Their approach is to solve 
real industrial problems. They have realized the importance of illumination for detecting 
defects in surfaces. However, their approach is best described as expert experience. For each 
inspection task, they formulate an illumination strategy, based on their own trial and error 
experience [Batchelor 851. They have even developed expert systems, which give illumina- 
tion strategies based on task specifications [Batchelor 891. For example, one application is to 
view bright metal surfaces without causing glinting. Their solution is to use diffuse illumi- 
nation. While their techniques are useful, they tend to be ad hoc. 

Murase and Nayar [Murase 941 have developed an illumination planning system for object 
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recognition. They take a sequence of images of a set of objects, using different light source 
directions and different object poses. Then, they project the image set into a universal 
eigenspace, which is a low dimensional representation of the image set. Each object will 
trace out a hypercurve in the universal eigenspace. The distance between curves can be used 
as a metric to distinguish objects. An illumination configuration that maximizes the distance 
between bypercurves can be used to discriminate between objects in an optimum way. 

1.1.3 Photometric Methods 

Woodham [Woodham 781 proposed the photometric stereo method to determine the surface 
shape of lambertian (diffuse) dominant surfaces by using three point light sources, and a 
reflectance map for each light source. Tagare and de Figueiredo [Tagare 911 developed a 
general theory of photometric stereo that applies to a large class of non-lambedan surfaces. 

A number of methods have been developed to recover the shape of specular spike objects. 
Koshikawa [Koshikawa 791 used polarized light to determine the surface orientation of 
specular surfaces. Ikeuchi [Ikeuchi 811 used three extended sources to determine the surface 
orientation of specular surfaces. He determined the radiance distribution of the extended 
sources, and used this to predict image intensity based on surface orientation. Nayar, Weiss, 
Simon, and Sanderson [Nayar 9Oa] developed a system that used 127 point sources to deter- 
mine the shape of specular objects. Nayar, Ikeuchi, and Kanade [Nayar 90b] developed a 
method called photometric sampling for surfaces that exhibited a specular spike and lamber- 
tian component. The method used an array of extended light sources to illuminate an object 
from different directions. The array of extended sources guaranteed that specular reflections 
were detected. In addition, they were able to determine the ratio of the specular to lamber- 
tian reflection, which is related to surface roughness. Coleman and Jain [Coleman 821 pro- 
posed using four lights to detect specularities. They assumed that points on the object were 
specular from at most one light source. A valid surface orientation was determined with the 
remaining three lights, by solving a lambertian system. 

Healey and Binford [Healey 681 used a simplified version of the Torrance-Sparrow reAec- 
tance model to recover object curvature around the specular peak of objects. They assumed 
that the surface roughness of the object was known. Wolff [WOE 87a] [wolff 87bl used 
light polarization and the Torrance-Sparrow model to measure surface shape. [Christensen 
941 developed a color photometric stereo method, which determines the shape of colored 
objects using white illumination. The method works for objects that follow the lambertian, 
Torrance-Sparrow, and dichromatic models. Kiuchi and Ikeuchi [Kiuchi 931 extended pho- 
tometric sampling to specular lobe dominant objects. Surface orientation, roughness, and 
specular parameters were extracted. Ikeuchi and Sat0 [Ikeuchi 91b] developed a method to 
recover the shape, specular intensity, and specular sharpness of objects that follow the Tor- 
rance-Sparrow reflectance model. They took a range image using a range finder, and an 
intensity image using a CCD camera, using the range image to determine surface shape. 
Then, they used an iterative segmentation algorithm to classify pixels in the intensity image 
as specular or lambertian, and to determine the light source direction. Specular intensity and 
specular sharpness were determined by fitting specular intensity values to a simplified ver- 
sion of the Torrance-Sparrow reflectance model. The use of a range finder to determine sur- 
face orientation requires taking first derivatives of the range data. This makes the method 



sensitive to noise. 

1.1.4 Photometric Stereo Error Analysis 

Ray, Birk, and Kelly [Ray 831 sought to analyze different sources of error in photometric 
stereo. They derived closed form solutions for “p” and “4” given three light source positions 
measured in 0 and 0, and three intensities. Then, they derived sensitivity equations by calcu- 
lating the partial derivatives of “p” and “9” with respect to intensity and source direction. 
Their method is valid for small disturbances, and will correctly estimate the error in surface 
orientation due to a given amount of intensity noise. The equations they derive are several 
pages long and are very cumbersome. (Jiang and Bunke [Jiang 911 re-derived the expres- 
sions for the partial derivatives in (e, , Qn) space. Their expressions are somewhat less cum- 
bersome.) 

Ray, Birk, and Kelly’s experimental images were produced by averaging 25 images, and 
then smoothing the image with a 3x3 averaging window. This process would virtually elim- 
inate any intensity noise due to the CCD. They performed an error analysis of the normals 
for a sphere, plotting the distribution of orientation errors in 9, and Q,. Then, they deter- 
mined how much error in light source position and source radiance would account for the 
errors in surface orientation. This part of the experimental work is hypothetical, and does 
not reflect what errors actually existed in their measurements. 

A paper on error analysis that is worth mentioning, but is unrelated to photometric methods 
is [Yi 941. In [Yi 941, Yi considers the uncertainty of edge point position (edge points found 
with an edge operator), and how this uncertainty propagates and affects the accuracy oE line 
fitting, circle fitting, ellipse fitting, comer location, distance between two points, and angle. 
The analysis is very extensive, and many simulations were performed. However, no real 
results are presented. Kemmotsu [Kemmotsu 931 integrated an uncertainty model of a light 
stripe range finder in recognizing the pose of a 3D object. Gremban [Gremban 921 deter- 
mined multiple viewpoints which would recognize objects in intensity based images, while 
considering viewpoint uncertainty. 

1.1.5 Summary/Conclusions 

Cowan addressed the issues of visibility, imaging parameters, irradiance, and lambertian 
edge contrast. Tsai and Tarabanis addressed the issues of visibility and imaging parameters. 
Sakane addressed the issue of illumination in order to determine the shape of a lambertian 
object. Ray, Birk, and Kelly derived expressions for the sensitivity of lambertian surface on- 
entation to different error sources. YI addressed the issue of finding specular lobe edge con- 
trast. 

The problem of finding edge contrast is very different from that of recovering surface shape 
using photometric methods. In order to generate edge contrast, one only needs to achieve a 
high intensity difference between the two surfaces that form the edge. This is very different 
from using intensity to find shape. 

Sakane’s work is the closest to OUT research. There are at least three major differences 



between Sakane’s approach and ours. First, we propose a new metric for finding orientation 
error. This is developed in Chapter 2. Secondly, Sakane solves the problem of positioning 
lights to avoid objects in the environment or the manipulator holding the camera. We posi- 
tion light sources so that we illuminate a specified set of object faces in an efficient manner. 
Thirdly, we incorporate an accurate sensor model in our solution. 

The work by Ray, Birk, and Kelly identified major sources of errors in photometric mea- 
surements of lambertian surfaces. There are at least four major differences between their 
work and our work. First, we propose a new metric for finding orientation error. This is 
developed in Chapter 2. Secondly, we incorporate an accurate sensor model in our solution. 
Thirdly, we explore the meaning of the sensitivity function. Our error surfaces show the 
locations of good and bad places to make measurements, and our experimental results give 
strong support to our methodology. Ray, Birk, and Kelly did not control their error sources 
during their experiments. Therefore, their experimental results are only casually coupled to 
their error models. Fourth, we derive a new way measuring the effect of light source posi- 
tion error on the measurement of lambertian surface orientation. This is discussed at the end 
of Chapter 2. 

Sakane, Ray, Birk, and Kelly only examined the illumination of lambertian surfaces. We 
explore illumination planning for rough diffuse, specular spike, specular lobe, and hybrid 
surfaces. 

1.2 Thesis Organization 
The thesis is organized by reflectance model. Chapter 2 discusses the illumination of convex 
and concave lambertian surfaces. The concepts and techniques developed in this chapter are 
used throughout the remainder of the thesis. Chapter 3 discusses the illumination of rough 
diffuse surfaces, These surfaces follow a more general diffuse model than the pure lamber- 
tian model, allowing a wider range of surfaces to be considered. Chapter 4 discusses the illu- 
mination of specular spike surfaces. Specular spike surfaces are important because smooth 
metal surfaces, which are very common, follow this model. Chapter 5 discusses the illumi- 
nation of specular lobe surfaces. Chapter 6 discusses the illumination of hybrid surfaces, 
surfaces containing both the specular lobe component and the lambertian component. Chap- 
ter 7 contains conclusions, contributions, and future directions. 
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Chapter 2 
Illumination of Lambertian Surfaces 

This chapter discusses the illumination of lambertian (diffuse) surfaces. We introduce con- 
cepts and techniques that are used throughout the remainder of the thesis. We discuss how 
illumination affects the determination of surface orientation, in the presence of intensity 
noise, for the following types of surfaces: 2D convex, 3D convex, 2D concave, and 3D con- 
cave. At the end of the chapter, is a brief discussion on the determination of surface orienta- 
tion in the presence of light source position uncertainty. 

2.1 Lambertian Model 
For a lambertian (diffuse) surface, with surface normal, N, and light source direction, S, 

Fig. 2-1. Lambertian geometry 

I = pcOsel 

I = p(S*N) 

I = p ( S X N X  + SyNy + SZNZ) 

where I is the measured intensity of N, p is the albedo, Oi is the incident angle. (Sx, Sy, Sz) 
and (Nx, Ny, Nz) are the x, y, and z components of the unit source vector, S, and unit surface 
normal vector, N, respectively. The albedo encompasses the light source intensity and rela- 
tive reflectance of the surface. So, for a Imbertian surface, the intensity is dependent on the 

Portions reprinted with permission fmm 1995 IEEE Workshop on Physics-Based Modeling in CompIitpr 
Wsion, pp, 100-107. 0 1995 IEEE. 
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light source direction, surface normal, and the albedo. The intensity is independent of the 
viewing direction. 

2.2 2D Convex Lambertian Illumination 
We begin the discussion of illumination planning by discussing the illumination of discrete 
2D lambertian normals. In some sense, the illumination of all surfaces reduces to the illumi- 
nation of a set of normals. So, the illumination of a 2D normal is fundamental. We discuss 
how to position light sources around a set of 2D normals so that we can illuminate them in 
an efficient manner. Then, we discuss how to determine the orientation error of a single 2D 
normal, given a light source configuration and a specific amount of sensor noise. 

We are able to visualize the solution space for the 2D lambertian illumination problem. This 
allows us to gain insight into the illumination planning problem. The solution space of the 
3D lambertian illumination problem, which we discuss next, is much more complex. It is 
hard to visualize because of its high dimensionality. 

We concentrate on visibility, exact coverage, and the accuracy of surface normal recovery. 
Our discrete normals exhibit lambertian reflectance characteristics. Our sensor noise model 
is a constant amount of sensor noise. (In 3D we will use a geometric modeler and a planning 
system to reason about surfaces. We will also use an accurate, statistical, sensor noise 
model.) 

Our approach is to identify the visibility range for each normal. The visibility range tells us 
from which parts of the viewing circle we can see each normal, and where we can place a 
light source to illuminate each normal. After we have the visibility range for each normal, 
we break the viewing circle into visibility regions. Within each visibility region, certain nor- 
mals are viewable. Then, we try to find combinations of visibility regions that provide an 
exact cover of the normals we are trying to view. Since this is a 2D lambertian problem, we 
need two light sources to determine surface orientation within each visibility region. Finally, 
we determine the most reliable lighting positions for recovering the orientation of the sur- 
face normals within each visibility region. 

2.2.1 2D Visibility Regions 

Given a set of discrete 2D normals (nl, n2, n3, ....), we first find the visibility range for each 
normal. Since these are discrete normals, we do not need to consider occlusion. The visibil- 
ity range of each normal is simply +/- 90" with respect to the normal's orientation. Once we 
have calculated the visibility range for each normal, we divide the 2D viewing circle into 
visibility regions. These regions are formed by sorting the visibility ranges of all the nor- 
mals into a continuous list. The list is then converted into intervals. Within each interval, 
certain normals will be visible. 

For example, if we have normals at 45", 90", 135". and 180" we have the following visibility 
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ranges: 

90" 

180' 

270" 
Fig. 2-2. Usibility ranges 

2D Visibility rangekgion diagram: 
90" 

0" 

360.' 
- 

Fig. 2-3. Visibility rangehegion diagram 
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4 

The associated visibility regions are: 

R4, R8 

2.2.2 2D Exact Covers 

After we have the visibility regions, we find combinations of visibility regions that form 
exact covers of our set of normals (An exact cover contains all of the normals, non-redun- 
dantly.) Since the number of regions is small, we use exhaustive search to find the exact cov- 
ers. If "n" is the number of visibility regions, the complexity of this search is O(2"). (In 
section 2.3, we develop a heuristic for finding 3D exact covers.) For the previous example, 
the exact covers are: 

Cover number visibility regions included 

R2. R6 

~ 

2.2.3 2D Orientation Error 

An error in measured intensity will cause an error in surface normal recovery. This can be 
seen from the lambertian equation: 

(Slx and Sly  are the x and y components of the unit vector to light source number one. Nx 
and Ny are the x and y components of the unit surface normal. I1 is the measured intensity 
of N due to light source number one.) 

An error in either I1 or I2 will cause an error in Nx and Ny: 
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In matrix notation, we can write: 
S - ' ( I + 6 1 )  = N + 6 N  

We call "N + 6N' a "noisy normal". 

The amount of disturbance caused by 61 depends on the condition number of S [Strang 881. 
If c is the condition number of S then: 

- < c . - - - '  PNI 161 
IN1 - I I I  

For example, if we have a normal at 90" (The nominal value of Nx = 0.0, and the nominal 
value of Ny = 1.0.). SI ai 100". S2 at SOo, and 611 and 612 are uniform distributions that 
range from -0.1 to 0.1, we will get the following noisy normal distribution in Nx-Ny vector 
space: 

OJO 1 
0.03 ' I 

-1.0 -0.5 0.0 0.5 1.0 Nr 
Fig. 24.  Noisy normal distribution: iY at 90'. SI at 100'. S 2  at SOo. 

The condition number of S is 5.7. The magnitude of I and N are both 1.0, and 61 = 0.1. 
Therefore 

16" 10.1 
111- I I , - '  - '5.7. - 057 

which is the magnitude of the disturbance seen along Nx in the noisy normal distribution. 
So, the condition number gives us a way of predicting the magnitude of an expected error in 
Nx, Ny vector space. 

The noisy normal distributions provide insight into the effect of different source matrices. 
However the noisy normal dishibutions are only one component of the problem. Surface 
orientation is represented by a unit normal. The normals in the noisy normal distribution are 
not guaranteed to be unit normals. Therefore, we normalize the resulting values of Nx and 
Ny. The noisy, normalized, normal is: 

Nx + 6Nx N y  + 8Ny 
IN+ 6NI ' IN + 6N1 N . =  

noJSe 
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NY 

1.5 

1 .o 

0.5 

0.0 

When we do this, we perform a nonlinear transformation from Nx-Ny vector space to the 
unit normal circle. The angle between a noisy normal and the nominal normal is the angular 
orientation error. For our 2D case, the angular orientation error is worst at the two extremes 
of the noisy normal distribution. This is shown below: - 

Noisy normal distribution 

\ 
No rn i n a I 
Normal 

unit normal 

-1 .o -0.5 0.0 0.5 1.0 Nx 
Fig. 2-5. Normalized noisy normal distribution: N at 90'. S I  at 100". S2 at 80" 

There may be little correlation between the magnitude of the normal vector's error in Nx-Ny 
vector space and the resulting angular orientation error. This point can be emphasized by 
looking at a second example. If we have a normal at 90", S1 at lo", S2 at 170", 611 and 612 
are uniform distributions that range from -0.1 to 0.1, we will get the following normal dish-  
bution in Nx-Ny vector 

Ny 

1.5 

1 .C 

0.5 

0.0 

pace (The nominal normal is the point I 

; Normalized unit 
& normal 

/ 

Noisy normal dimbution 

- 
K = 0.0, Ny = 1,O.): 

-1 .o 0 . 5  0.0 0.5 1.0 Nx 

Fig. 2-6. Normalized noisy normal distribution: N at 90'. S 1  at lo0, S2 at 170' 

In the two figures, the worst case error in Nx-Ny vector space is the same. The noisy normal 
distribution in the two figures is the same except for a 90' rotation. The condition numbers 
of the two source matrices is also the same. However, normalization causes the angular on- 
entation errors to be very different. 

In order to calculate the amount of angular orientation error that we can expect, for a given 
S, N, and 61, we calculate N + 6N. We normalize the resulting N + 6N vector. We call the 
normalized N + 6N vector N,,,,. Then, we find the angular orientation error between N and 
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For the 2D case, we use the average of the two maximal angular orientation errors 

2.2.3.1 Angular Orientation Error Surface for One Normal 

Next, we look at the error surface for a single normal at 90". We use the following 2D glo- 
bal coordinate system for specifying the positions of the normal and light sources. (In 
places, we use the notation S1=10", N=90". This is a shorthand for BS=lO", 8,=90".) 

Fig. 2-7. Sourcelviewer frame of reference coordinate system 

Fig. 2-8. Error surface: K=90°, 6I=O.Ol 

The error is greatest when the light sources are close together and, the incident angle 
between each light source and the surface normal is small. Below are slices of the error sur- 
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6.0 

5.0 

LI 4.0 
w 

3.0 
E 

face for S1=10", S1=90°, and S1=170". 

7.0 - 
- 

- 

- 

- 

45.0 90.0 135.0 1' 1.0 s2 
Fig. 2-9. 2D lambenian error surface cross sections, N=90, 61=0.01 

There are three factors that we identify as contributing to the shape of the error surface: the 
shape of the photometric function, the stability of the system of photometric equations, and 
the signal to noise ratio of our measurement. 

We are using intensity to determine surface orientation. A change in intensity due to noise 
will cause a change in surface orientation, If we look at the cosine function, we can see that 
at small incident angles, the sensitivity of surface orientation to intensity noise will be high, 
and at large incident angles, the sensitivity will be much less. 

I 
I I I I I I11111 111111 I I I I 

Region of high 
r noise sensitivitv 1 

0.8 - 

.- 5 0.6 - 
z 
Y 
E 0.4 - 

0.0 o.2 i 
0.0 

nobe sensitivity 

- 
20.0 40.0 60.0 80.0 --- Incident Angle - - - 

Fig. 2-10. Lambextian intensity function 

This sensitivity is explicitly shown by calculating the derivative of incident angle with 
respect to intensity. This plot shows, for a single light source, how intensity noise will affect 
orientation, We are using two light sources to determine surface orientation, so this factor 
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50.0 

40.0 - 

- 30.0 - 
a >- a 
?? 20.0. 

10.0 - 

cannot be considered alone. 

Fig. 2-1 1 .  lhrivativel of lambertian intensity function. 

The second factor contributing to the shape of the error surface is the stability of the system 
of equations we are solving using S1 and S2. As the light sources become close together, 
the system approaches singularity, and becomes more sensitive to perturbations. The condi- 
tion number of the source matrix, Fig. 2-12. , indicates how sensitive the system is to pertur- 
bations. 

Condition 

1 5 O w 0  

Fig. 2-12. Source matrix condition number. 

The ridge along the line S1=S2 of the error surface, Fig. 2-8. , is due to the singularity of the 
system. The reason that the singularity ridge has its curved shape is the derivative function. 
Based on the condition number plot, the system is equally singular along the singularity 
ridge. However, when the incident angle is small, the system is more sensitive to intensity 
noise. As the incident angle becomes larger, the system’s sensitivity becomes less, even 
though the system is singular. So for the singularity ridge, there are two factors that help to 
explain the shape: singularity and noise sensitivity. As we move away from the singularity 
ridge, noise sensitivity (the derivative function) explains the shape of the error surface. 

A third factor to consider is the signal to noise ratio of our measurement. We can isolate this 
factor by changing the light source intensity. Below we plot angular error, versus source 
intensity, for different source configurations. As source intensity increases, the angular error 
decreases. This is because the signal to noise ratio is larger. The noise produces less relative 
disturbance to surface orientation. The plots approximately follow a W(Source Intensity) 
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function, which is what we would expect. (The value of K depends on the source configura- 
tion.) 

60.0 

40.0 
L e 
G 
2 - 

20.0 
2 

0.0 

I *--‘Sl = 80, s2=100 f 

I :- .S I  =45.S2=135 
\ ‘SI = 10. S2=170 

\ 

\ 

b\ 

. . . -  . . . .  - .  . . - .  . . .  - .  
. . .  .. 

0.0 50.0 100.0 150.0 200.0 Source Intensity 
Fig. 2-13. Angular error versus source intensity. N = No. (so noise model from section 2.5.1) 

While these three factors give some insight into the error surface, it is important to remem- 
ber that the error surface is a function of the system of photometric equations. The deriva- 
tive of the intensity function, the stability of the system of equations, and the signal to noise 
ratio all contribute to the error surface. By considering each of these factors separately, we 
can gain some insight into the error surface. However, these factors act together, and cannot 
be uncoupled without altering the very system we are studying. So, in a real sense, the error 
surface is the only truthful representation of the system’s behavior. 

2.2.3.2 Angular Orientation Error Surface for Multiple Normals 

Next, we go back to our “exact cover” example, where we had discrete 2D normals at 45”, 
90”, 135”, and 180”. We let 61 = 0.01, and assess our ability to accurately determine surface 
orientation within each visibility range, of each exact cover. Each visibility range contains 
certain normals. We move two light sources, in one degree increments, between the maxi- 
mum and minimum visibility values of each visibility range. At each position, we find the 
total angular error, in degrees, for the normals within the visibility range. After searching 
through the entire visibility range, we find the light source placement with the minimum 
error. 

We get the following results (“Total error” is the sum of the angular errors, in degrees, for 
the normals within the visibility range. The columns 45”, 90”, 135’. and 180” list the angu- 
lar error, in degrees, for each of these normals. “Min S1” and “Min S2” are the light source 
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positions that produced the minimum error.): 

A tessellated error surface for cover 1 is show below. The error is greatest when the light 
sources are close together and is least when the light sources are far apart. 

Fig. 2-14. 2D angular orientation error surface 

2.3 3D Convex Illumination Covers 
Finding illumination covers in 3D is similar to finding illumination covers in 2D. We are 
given a 3D convex polyhedral object, and a set of faces on the object that we want to illumi- 
nate. We want to place light sources around the object in a way that illuminates the specified 
set of object faces, while minimizing the total number of measurements we need to make. 

2.3.1 3D Aspect Generation 

In order to illuminate an object, we need to he able to divide the viewing sphere into aspects. 
Each aspect describes topologically connected viewing directions that see the same set of 
object faces. Eventually, aspects need to be combined in some manner that provides cover- 
age of all the object faces that need to be illuminated. (We define our task to be illumination 
of a specified set of object faces. This set may include all object faces, or it  may be a proper 
subset of all object faces.) 

A combination of aspects that views all specified faces of an object in a non-redundant man- 
ner is called an exact cover. Given the list of faces visible from each aspect and a list of all 
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the faces on the object that we are illuminating, we can determine combinations of aspects 
that form exact covers. 

2.3.1.1 Aspect Generation Background 

Koenderink and van Doom [Koenderink 791 described aspects and their associated data 
structure the visual potential (aspect graph). Since then, many researchers [Bowyer 901 have 
explored aspect graphs, and their application to computer vision tasks. The primary applica- 
tion of aspect graphs to computer vision has been object recognition [Ikeuchi 881 [Hebert 
851. Aspect graphs are used to predict potential object appearances. Then, sensor measure- 
ments, which can recognize an object based upon the set of possible object appearances and 
sensor measurements, can be planned. There are two types of aspect prediction possible: 
exact aspect graphs and approximate aspect graphs. Exact aspect graphs [Gigus 911 [Krieg- 
man 901 [Stewman 871 [Plantinga 901 use a 3D model of an object to predict where in view- 
point space visual events occur. Once the location of a visual event is known, viewpoint 
space can be partitioned into regions. Each region will correspond to an aspect. Exact aspect 
graphs are mathematically complete. They describe every aspect that an object produces, no 
matter how small. However, producing an exact aspect graph for general objects is a non- 
bivial problem which is still an area of active research. 

The approximate aspect graph approach [Ikeuchi 881 [Hebert 851 uses a tessellated viewing 
sphere that surrounds the object. Views from each viewpoint on the viewing sphere are gen- 
erated. Views that are topologically equivalent are merged into aspects. The approximate 
aspect graph method, unlike the exact aspect graph method, will work on all classes of 
objects. By using this approach, we will be able to illuminate a large class of objects. 

The approximate aspect graph approach misses aspects that are close to the object being 
viewed (usually the viewing sphere is much larger than the object). The method may m i s s  
small aspects if the tessellation is not h e  enough and is computationally intensive. 

2.3.1.2 Aspect Generation Implementation 

For our application, aspects that are close to the object are not important. We are trying to 
generate a macroscopic level illumination plan for an entire object, not a microscopic illu- 
mination plan for a partial face. Small aspects are undesirable because they are unstable, and 
computational load is not issue because the illumination plan can be generated off-line. So, 
the approximate aspect graph approach, which works on a wide class of objects, meets our 
requirements. 

We generate CAD models of objects that we want to illuminate by using the “Vantage” geo- 
metric modeling system [Kumar 911 [Ikeuchi 911. Using these models and the 3D-to-2D 
scene generation capabilities of Vantage, we generate orthographic projections, from vari- 
ous viewpoints, of a tessellated icosahedron. By comparing the area of each visible object 
face with its foreshortened projected area, we can determine which object faces are com- 
pletely visible from each viewpoint. If the face is more than 99% visible, we consider the 
face to be completely visible. 
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Once we know which object faces are visible from each icosahedron viewpoint, we merge 
adjacent icosahedron viewpoints that view the same set of object faces. The resulting 
merged set of icosahedron viewpoints forms an aspect. Each aspect is a continuous viewing 
region. A camera or light source placed anywhere within the region will view the same set 
of object faces. 

2.3.2 3D Exact Coverage 

The problem of finding all exact covers of a set of faces is equivalent to the sethubset exact 
cover problem. This problem is known to be NP-complete [Cormen 901. In order to decrease 
the complexity of finding exact covers, we developed a heuristic search approach to the 
problem. Our heuristic measure is the number of object faces covered by the aspect. Our 
algorithm is as follows: 

1. 
2. 

3. 

4. 
5. 
6. 

7. 

8. 
9. 

Select an object face. 
Find the largest aspect, Amax,, (aspect that sees the most object faces) 
that contains this object face. 
Delete any aspects that overlap Amax,, including Amax,, from the 
aspect-list. 
n = l .  
Find the largest remaining aspect in the aspect-list, Amax,. 
See if the combination of Amax,, Amax,, ... , Amax, covers all object 
faces. If so, return the exact cover: Amax,, Amax,, .. , Amax,. 
If not, delete any aspects that overlap Amax,, including Amax,, from the 
aspect-list. 
If the aspect-list is empty, signal failure and return. 
n = n + l .  

10. Go to step 5.  
In steps 2 and 5 ,  if there are two or more aspects that are the largest aspects, we trace out all 
of the largest aspects in parallel. We can expand our criteria for finding the next aspect to 
expand in steps 2 and 5 to include the largest aspects, the 2nd largest aspects, ..., the qth 
largest aspects. As q increases, the algorithm will approach exponential complexity. 

The maximal aspect heuristic was chosen because we are hying to minimize the number of 
sensor measurements needed to cover an object. By choosing aspects that cover as many 
object faces as possible, we maximize the coverage of each sensor measurement. This 
should tend to minimize the number of sensor measurements needed. 

We do not offer a formal proof that our algorithm will succeed for all objects. (The success 
of the algorithm is dependent on the tessellation of the viewing sphere since some aspects 
might be missed if the tessellation is not fine enough.) However, we can say that as our 
search expands to include the qth largest aspect, the aspect size will in the worst case 
approach the size of a single face. This is possible in the case of cube, where it is possible to 
have singular aspects that contain each cube face. Then, an exact cover can be formed by 
combining these single face aspects. As object complexity increases, the object will eventu- 
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Search Depth 

1 
2 
3 
4 

ally approach a tessellated sphere. In this case, two views, 180" apart, provide an exact 
cover. 

In order to test our algorithm against the set of exact covers, we compared our level one 
search (only the largest aspects), with deeper level searches (largest aspects, the 2nd largest 
aspects, . .., the qth largest aspects) for the following objects: 

truncated double 
cone truncated cone cube tetrahedron 

4 12 41 79 
68 21 45 79 
68 23 45 79 

21 

I 
Cube 

I Double Truncated Cone 

I 
Truncated Cone 

I 

Fig. 2-15. Convex polyhedra used for exact cover tests. 

Aspects are formed by using an 3-frequency (320 face) icosahedron. The icosahedron has a 
radius equal to 1000 times the largest diameter of the object being illuminated. Views are 
generated using orthographic projection. Viewpoints are located at the center of each icosa- 
hedron face. 

The table below shows the number of exact covers versus search depth. The covers include 
aspects made up of one or more viewpoints. 

Number of Exact Covers 

Ideally, for the cube, the largest aspect at search depth level 1 would view 3 cube faces. At 
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search depth level 2, the largest aspect and 2nd largest aspect would view 2 or 3 cube faces. 
At search depth level 3, the largest aspect, 2nd largest aspect, and 3rd largest aspect would 
view 1,2, or 3 cube faces. The reason that we do not see a jump in the number of aspects for 
the cube when we increase the search depth from 2 to 3 is that the icosahedron’s viewpoints 
do not line up with the cube’s faces. So, we do not have any aspects that see only one cube 
face. We only have aspects that see two or three cube faces. The single cube face aspects are 
actually accidental aspects. They are not really useful because they occur at one exact view- 
ing direction. They are very unstable. In the case of the tetrahedron, we have a couple of 
aspects that see only one tetrahedron face. These aspects are large, containing many icosa- 
hedron viewpoints. We also have aspects that see two tetrahedron faces and three tetrahe- 
dron faces. Therefore, we have more jumps in the number of aspects for the tetrahedron than 
for the cube. 

For photometric stereo, an illumination aspect needs to contain at least three viewpoints 
since we need to place three light sources in an aspect. If we only include aspects that con- 
tain three or more viewpoints, the number of exact covers will decrease. The table below 
shows the number of exact covers versus search depth, when only aspects which contain at 
least three viewpoints are allowed to be part of an exact cover. 

2 

I I Number of Exact Covers I 

4 13 13 21 

truncated double cube tetrahedron cone truncated cone Search Depth 

1 4 7 13 21 

3 4 14 13 21 
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error in surface normal recovery. This can be seen from the lambertian equation: 
_ _  

11, 12, and I3 are the mean, measured, intensities for S1, S2, and 53 respectively. Noise in 
either 11, 12, or I3 will cause an error in Nx, Ny, and Nz, producing a noisy normal: 

In matrix notation, we can write: 

S-’ ( I  + 61) = N + 6 N  

The noisy, normalized, normal is: 

In the two dimensional case, the Nx-Ny error area is a quadrilateral. In three dimensions, the 
Nx-Ny-Nz error volume is an octahedron. In two dimensions, after normalization, the nor- 
mal is projected onto the unit normal circle. In three dimensions, after normalization, the 
normal is projected onto the unit normal sphere. Fig. 2-16. shows an example of a distribu- 
tion of normalized normals, using the intensity noise function from section 2.5.1. 

Viewwint = (0. 0. 1) 

0.1  

Y 

-0 . ! 

- 
9 5 - 0 . 0 2 5  0 o.cz5 

X 

Fig.2-16.3DKormalizednoisynds:N=(O,O, 1),S1 =(-.526,0.0..851),S2=(-.809,-.309,.5),S3= 
(-,809, 309, . 5 ) ,  I1 = I2 = I3 = 150 

We define the orientation error to be the angle between the nominal unit normal and the 
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noisy unit normal. The orientation error depends on how we define the 61 terms. Initially we 
defined the worst case error to be: 

61 = 136;  

By letting I1,12, and I3 independently take on a worst case +30i or -30, error, we generated 
8 potential worst case errors. However, the probability of having 11, 12, and I3 simulta- 
neously have 3 0  values is very small. 

A more realistic method of determining the error is to have the planner conduct a simulation 
using the intensity noise function. If we know the mean intensity of each light source, (This 
can be determined if the object’s pose, the light source directions, and the light source radi- 
ances are known.) and the corresponding value of o,, we can calculate a noisy surface orien- 
tation using the known light source positions. At each iteration, a random intensity for each 
light source is generated from the mean light source intensity and ui for that light source 
intensity. These three noisy intensity values are used to determine a noisy surface orienta- 
tion. We repeat this 1000 times. We calculate the mean, noisy, surface orientation to be the 
center of mass of the 1000 noisy surface orientations: 

1Mo loo0 IWO 

Z [Nxnoise] j C [Ny’noiseIi C [NinoiseIi m , = i = l  i = l  i = l  
lo00 ’ 1000 ’ 1000 nozse 

For simulations, the mean noisy normal is always equal to the nominal normal. However, 
when we are making measurements, the actual orientation of the object is not precisely 
known. The mean measured noisy normal may be different from the simulator’s nominal 
normal. 

Using each noisy surface orientation and the mean, noisy, surface orientation, we calculate 
the orientation error. 

Using the 1000 values of orientation error that our simulation produced, we calculate the 
standard deviation of the orientation error, o(O,,). (Orientation error is a positive valued 
function. We make it a two sided function when calculating the standard deviation.) 

In order to compare illumination covers, we need a metric. We define the “total orientation 
error” for each illumination cover to be the sum of the errors for each face illuminated by the 
cover. Where the error for each face is 3 standard deviations. For n faces: 

n 

9t0 ta lerr  = c 3 [n ( B e , , ) ]  
i = l  

2.4.1.1 Source Normalization 

In any real system, the light sources will have different radiances. This will affect the value 
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of ~ ( 0 , ~ ) .  If the three light sources used to determine N do not have the same radiances, the 
three raw intensity values (I1,12, and 13) need to be normalized. We normalize to the mini- 
mum light source radiance. If we define "minimax" to be the minimum light source radiance 
of the three light sources that we are using, then for three measured intensities, our normal- 
ization is: 

i l  normmeo, = ( m j y E r ) i ~  meas 

i2 
n o ~ m m c ~ .  

where il,, is the radiance of light source one. 

The normalization process affects the variance of the measured intensities and therefore 
affects o(0,). If the planner has knowledge about light source radiances, then it can take 
this information into account when it predicts a(0,,). 

The planner will predict the mean light source intensities for a face based upon the face's 
assumed pose, and the known light source radiances: 

~ i lplan - - i l m a x ( S 1 * N )  

~ i3plon - - i3,ax (S3 ON) 

where S1 is the direction of light source one, il,, is the radiance of light source one, and N 
is the normal of the face. 

These mean intensities should be the intensities that irradiate the CCD of our camera. These 
mean intensities determine the variance of our measurement. So, for each mean intensity, 
our planner determines the standard deviation that we expect to measure. We will call these 
three values ax, 0;2,0;l.  

However, the normalization of the intensity values affects these variances. So that: 
m 1 n imax 

= ( ' )ail 

a. = ( ; . )ai2 

ai3pr.a mox 

a%!a" "mor 

minimax 

'$E." "max 

minimax 
= ( i3- )os 
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The planner's normalized predicted intensities are: 

So, the intensity distributions used by the planner are: 

The planner can then use this distribution in its simulation. The planner uses these distribu- 
tions to produce 1000 noisy sets of intensity values. Then, it uses these 1000 noisy sets of 
intensity values to calculate 1000 values of NUoise . Using the 1000 values of Nnoire , the plan- 
ner can calculate the standard deviation of surface orientation error, a(€&,). 

Generally, as the planner incorporates more of the factors that influence the measurements, 
the planner's predictions will become more accurate. It is an open question how accurate a 
planner should be. This will depend upon the application and the significance of the factors 
affecting the measurements. The amount of error caused by violating assumptions depends 
on how severely they are violated, and on how sensitive the measurements are to these vio- 
lated assumptions. 

2.4.2 Light Intensity Variance 

The variance of the camera and digitizer, aZi , is a function of light intensity as shown by 
Healey [Healey 941 [Healey 921 [Healey 911. We have taken an empirical approach to deter- 
mining the value of the function. In general, our measurements are in good agreement with 
Healey's. Since we are making measurements at one pixel, we ignore fixed pattern noise, 
whch is a collection site to collection site nonuniformity in charge collection. The noise we 
are measuring is composed of shot noise, dark current noise, amplifier noise and quantiza- 
tion noise (amplifier and quantization noise are independent of intensity). At high levels of 
intensity, the Poisson distribution of shot noise approaches a normal distribution [Oliver 651. 
We estimate dark current noise with a constant. 

2.4.3 Camera Viewpoint Selection 

We need to position a camera so that the camera views all of the faces illuminated by each 
illumination aspect. Camera visibility is determined in an identical manner to determining 
light source visibility. The only difference is that the set of potential camera viewpoints may 
be different from the set of light source directions. Given a set of potential camera view- 
pints ,  virtual cameras are positioned at each viewpoint. Object face visibility is determined 
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by using the Vantage geometric modelling system. If the set of illuminated faces is a subset 
of the set of visible faces, then the viewpoint is added to a list of candidate viewpoints. We 
select, from the list of candidate viewpoints, the camera viewpoint that views the set of faces 
with the least foreshortening. The idea of this metric is to maximize the area of each face in 
our image. Formally, over the set of possible viewpoints, we try to minimize: 

where Bi measures the angle between the viewpoint and faces 1 .,. n. 

2.4.4 Object Pose Errors 

There are two basic types of errors in photometric measurements of lambertian objects: ran- 
dom errors and fixed errors. Random errors are due to q. These are the errors that we try to 
predict with our planner. Fixed errors include: errors in light source direction, errors in light 
source radiance, errors in the photometric function (deviation from pure lambertian). Fixed 
errors can be accounted for by a careful calibration procedure. 

A third potential error is object pose error. Our planner assumes that the object being viewed 
is in a certain orientation. If the object is in a different orientation, the planner's predicted 
surface orientation error will be erroneous. A change in orientation will cause a change in 
the incident angles between the light sources and object faces. This will cause a change in 
expected mean light source intensities, oi , and thus the standard deviation of surface orien- 
tation error, o(O,,). 

The amount of change in mean light source intensities depends on the lambertian photomet- 
ric function (the cosine function). If the incident angle is small, a small change in rotation 
will not cause a large change in the expected mean light source intensity. If the incident 
angle is large, a small change in rotation could cause a large change in the expected mean 
light source intensity. 
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2.5 3D Convex Lambertian Implementation 
RoboL CCD 

Camera 

, Light 

Object 
Under 
Inspection 

Fig. 2-17. Experimental setup 

The 3D lambertian planner was implemented in LucidTM Common Lisp. Experiments were 
carried out using a Puma 560 robot and an array of light sources placed at the vertices of a 1- 
frequency icosahedron. (For structural reasons, 61 faces actually exist and 36 of the vertices 
have light sources). A Sony XC-57 camera, with a Nikon AF Nikkor Micro 105mm F2.8 
lens, was mounted on the Puma’s end effector. Camera viewpoints were located at the faces 
of the 1-frequency icosahedron. Because of robot workspace constraints, the Puma robot, 
with the camera mounted on it, could only reach 22 of the 61 icosahedron faces. Images 
were digitized using an Androx ICS-400 digitizer. 

Hand/eye calibration was performed by using Tsai’s camera calibration procedure vsai 871 
and Lenz’s h a d e y e  calibration procedure [Lenz 891. Due to the large focal length of our 
lens, and the workspace limitations of the Puma robot, our target had to be very small. It was 
composed of an 8x8 grid of dots, with 2 dots missing for disambiguating orientation. The 
target was 6.7mm square with an inter-dot spacing of 0.95mm. In order to constrain the cal- 
ibration, a non-coplanar method was employed. We used a Melles Griot laboratory jack to 
provide 2 translation. Five images of the target, at different 2 translations, were taken from 
each camera position. Five camera positions were used. After performing the handeye cali- 
bration we were able aim the camera with an accuracy of approximately 1” - 1 So. 

...... . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . , . . . . . . . . . . . 
Fig. 2-1 8. Camera calibration target Scale is approximately 2X. 

2.5.1 Measurement of Light Intensity Variance 

In order to measure o,, illumination, viewing geometry, camera temperature, and CCD volt- 
ages must be controlled. Any variance in any of these parameters will cause added variation 
in oi. Both our light source and Sony XC-57 camera were powered by linear DC supplies. 
(We found that controlling the camera with a standard switching camera power supply 
increased q.) Camera temperature was held constant by allowing the camera to reach a 
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1.8 

1.6 

steady state temperature with respect to its environment. Viewing geometry was maintained 
by rigidly supporting the camera and target. Our target was of uniform matte reflectance. 

We selected four pixels on the CCD, and took 1000 images of our fixed scene. Illumination 
was changed by varying the incident angle between the light source and target. We took 
measurements between mean intensities of 8 (dark current value) and 227. Normality was 
checked by plotting a histogram of intensity for each pixel, and by using the Kolmogrov- 
Smirnov test [press 901. The average significance level of the Kolmogrov-Smirnov test was 
0.342. A representative histogram is shown below: 

300.0 1 

- 
- . ._ . .  

1.0 Intensity 
Fig. 2-19. Intensity histogram 

For each pixel we calculated the mean, variance, and standard deviation of the intensity 
measurements. We fitted a second degree polynomial to the raw data, and used this polyno- 
mial in our planner. The plot of the standard deviation of intensity is shown below. The fitted 
polynomial is shown as the solid line. 

2.0 , -I 

0.8 
0.6 

0.4 

0.2 

.: 
- 
- 
- 

0 . 0 ' t  . " " "  ' ' 1 
0.0 50.0 100.0 150.0 200.0 250.0 Intensity 

Fig. 2-20. Plot of oi 

2.6 3D Convex Lambertian Experiments 
Experiments were conducted to validate the 3 0  lambertian illumination planner. We wanted 
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Face 
1 
2 

to verify that the illumination plans generated by the planner were valid and accurate. In 
order to do this, we tested the results of the planner for two illumination plans. One plan 
tested was one of the most accurate illumination plan generated by our illumination planner. 
The other plan tested was one of the least accurate illumination plan generated by our illu- 
mination planner. The results of the two plans were compared with each other and with the 
planner’s predictions. We also verified that the light source viewpoint visibility and camera 
viewpoint visibility predicted by the planner were correct. 

2.6.1 Chalk Cube 

We milled a 0.59” cube out of ‘railroad chalk’. The cube was mounted under our array of 
light sources. The cube was oriented so that the X, Y, and 2 axes intersect at the center of the 
cube. The X axis intersects one edge of the cube. The Y axis intersects another edge of the 
cube. The Z axis intersects the center of the top face of the cube: .............................................. 

Nx NY Nz 
-0.707 0.707 0.0 
-0.707 -0.707 0.0 

Fig. 2-21. Geometric model of chalk cube 

The nominal orientation of the cube’s faces is shown in the table below. The cube was sup- 
ported by Face 6 .  So, this face was occluded. 

0.707 -0.707 
0.707 0.707 

0.0 0.0 -1.0 
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The possible light source directions: 

0.8090 0.3090 -0.5000 
0.5000 0.8090 -0.3090 
-0.5000 0.8090 -0.3090 
-0.8090 0.3090 -0.5000 
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The possible viewing direcuons: 

r 

22 I -0.2697 I 0.7697 0.5787 
71 I -0.5787 I 0.2697 0.7697 

I I ~37607 I n57n7 I n7.697 I 

I I n7697 I n7m7 I n 57x7 I 

28 I 0.7697 I 0.5787 I 0.2697 1 
-0.7454 0.6667 
0.7454 0.6667 
-0.3568 0.9341 0.0ooo 
0.3568 0.9341 0.0000 

The best case illumination plans, assuming ideal, equal radiance, light sources, found by our 
planner are below. Cover 1 and cover 2 are not implementable because the indicated aspects 
are not viewable. 

I Cover I Aspect I gr:d I View I Light Sources I 

Inspectable faces are defined as the object faces that can be viewed from the set of possible 
viewpoints (face 6 is not inspectable). For each light source, we determine which of the 
inspectable faces are illuminated. (If a non-inspectable face is illuminated, we treat it as a 
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“don’t care”.) The different combinations of illuminated faces form illumination aspects. 
These aspects are formed into exact illumination covers. We used our “largest aspect” heu- 
ristic, with a search depth of one, to form the exact covers. It is possible that an illumination 
aspect contains a combination of object faces that is not viewable. This leads to the cases 
like covers 1 and 2, which both contain illumination aspects that are not viewable. (If a 
potential viewpoint views a non-inspectable face, we treat it as a “don’t care”.) 

We implemented a near best case illumination plan for faces 3 and 4 using light sources 22, 
29,33 and viewpoint 34. The near worst case plan for faces 3 and 4 was light sources 22,26, 
29 and viewpoint 34. The planner determined that faces I ,  2, and 5 could only be illumi- 
nated by light sources 6,7,15. The camera viewpoint for faces 1,2,  and 5 was viewpoint 30. 

We implemented these illumination plans on our experimental setup. The results. using 
measured radiance light sources: 

Measurements 

Measurements were made by taking loo0 images with each light source. A small number of 
pixels (4) were recorded from each image. This produced a data stream for that pixel. By 
combining the data streams for the 3 light sources, we calculated the mean surface orienta- 
tion and the standard deviation of surface orientation error. 

In general, the measured standard deviation of orientation error are within 20% of the plan- 
ner. Many are within 10%. 
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The difference between the near best case and near worst case plans should be noted. For 
Face 3, the near best case illumination plan results in a 5.76" predicted error, 3a(9,,). In 
contrast, the near worst case illumination plan results in 7.65' predicted error. For Face 4, 
the near best case illumination plan results in a 5.85" predicted error. In contrast, the near 
worst case illumination plan results in 8.34" predicted error. 

Imaees of Faces 3 and 4 usine lieht sources 22.29. and 33. (Face 5 is not il1uminated.l 

Fig. 2-22. Intensity images: faces 3 and 4 of cube 

Needle map produced by the intensity images from light sowes 22.29, and 33. 

Fig. 2-23. Needle map: faces 3 and 4 of cube 
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Images of Faces 1 .2 .  and 5 using light sources 6,7 and 15. 

NIX :de 

Fig. 2-24. Intensity images: faces 6,7. and 15 of cube 

15. 

Fig. 2-25. Needle map faces: 6, 7, and 15 of cube 

Illumination aspects from the 1, 1, 1 viewing direction (Numbers are light source numbers. 
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Light sources that 

Fig. 2-26. Illumination aspects from the 1, 1, 1 viewing direction 

Illumination asuects from the -1. 1. 1 viewing direction: 

[spec 

Fig. 2-27. Illumination aspects from the -1, 1, 1 viewing direction 



Illumination aspects from the 0, 0, 1 viewing direction : 

Fig. 2-28. Illumination aspects from the 0, 0, 1 viewing direction 

2.7 2D Concave Lambertian Illumination 
Now we consider the illumination of simple 2D concavities, concavities composed of two 
surface edges that are fully visible to each other. The illumination of a concavity requires the 
determination of visibility regions for the potential light sources. For the simple concavities 
that we are considering in our work, we define the visibility region as the extension of the 
surface edges that form the concavity. For example, if the concavity has sides at 45" and 
135", the region that can see the concavity is the visibility region extending from 45" to 
135". Any viewpoint in the visibility region can see both faces of the concavity, so the exact 
cover problem is trivial. (We do not consider partial visibility of a concave edge.) 

135'. Visibility Region 45" 

Once we have determined the light source visibility region, we need to determine the opti- 
mal location for light source placement within that region. 

Nayar [Nayar ~ O C ]  showed that a shape from intensity method, such as photometric stereo, 
applied to a concavity would produce a "pseudo shape". The pseudo shape is shallower than 
the real concavity and the pseudo shape is invariant to light source placement. Therefore, no 
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matter where we place our light sources within the visibility region, the pseudo shape recov- 
ered using a method such as photometric stereo will produce the same shape. 

If the pseudo shape is invariant to light source placement, what constitutes the light source 
placement problem? We define two possible concave light source placement problems. The 
first problem is measuring the pseudo shape with the highest reliability. We want to find the 
light source placement that yields the highest reliability. The second concave light source 
placement problem involves using the pseudo shape to recover the real shape using Nayar’s 
interactive shape recovery algorithm. Depending on the initial reliability of the pseudo 
shape, the final shape of the iterative algorithm may be closer to the actual shape. One would 
want to find the light source placement that produced the most accurate final shape. We 
investigate the first light source placement problem. The second problem is for future 
research. 

The goal of inspecting the pseudo shape is to find the light source positions that produce the 
minimum amount of uncertainty in the pseudo shape. The way to think about this problem is 
that interreflection causes a distorted shape, the pseudo shape. The pseudo shape stays the 
same no matter where we place our light sources. So, the apparent object we are inspecting 
stays the same no matter where we place our light sources. This is equivalent to inspecting a 
non-interreflecting lambertian object whose shape is equivalent to the pseudo shape. The 
process of interreflection that creates the pseudo shape is global, encompassing all of the 
surfaces that form the concavity. However, the problem of inspecting the pseudo shape is 
local. The reliability at each point of the pseudo shape only depends on the intensity at that 
point, not on any other points of the pseudo shape. 

We can use the forward graphics solution [Goral84] to predict the brightness of the concav- 
ity. The basic interreflection equation for diffuse surfaces is: 

Radiosiry  = Emission + Inrerreflecrion 

B ( u )  = E ( u )  + p ( u ) ~ F ( u , v ) B ( v ) d v  
D 

F called the form factor. It is the fraction of the energy leaving surface u that arrives at sur- 
face v. E is the surface radiance due to a light source. p is the albedo of the surface. B is the 
aggregate surface radiance. D is all of the surfaces in the environment. 

In discrete form, 
n 

8, = E i + p j Z  F ( i , j ) B i  j =  l , n  
i =  1 

where n is the number of elements in the environment. 

In the two-dimensional case, we can denote a pair of elements with i and j. r is the distance 
between the centers of the elements. Ni is the normal of element i. Nj is the normal of ele- 
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ment j. 

P =  

t Nj 

P , O  0 0 

O P , O  0 

O O P , O  

0 0 0 P n  
. - 

Fig. 2-30. Interreflection geometry 

The form factor [Heckbert 911 between elements i and j is: 

V is the visibility between face i and face j .  V = 1 if face i can see face j .  V = 0 otherwise. 
We use point to point form factors calculated between the center of each element, with a uni- 
form mesh and constant elements. 

We can express the discrete form of the radiosity equation in matrix form 

( I - P F ) B  = E 

E and B are vectors of length n. E is the radiance of each element due to the light source. B 
is the aggregate radiance of an element due to interreflection and the light source. 

F is the square matrix of form factors. 

i.1, F12 .'. Fl",  1 
FZ1 F ,  ... ... ~ 

, . _ _  ... F33 ... , F =  ~ 

P is the diagonal albedo matrix. 

In the forward solution, we know P, F, and E. We want to solve for B, the brightness of the 
concavity with interreflection. The matrix equation is solved using the successive over 
relaxation method [Golub 891, with w = 1.4. Convergence usually occurs in approximately 
15 iterations. 

We solve the forward problem for two light sources, S1 and S2. S1 produces the brightness 
distribution B1. S2 produces the brightness distribution B2. Once we have B1 and B2, we 
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can solve for the pseudo shape using B1, S1, B2, and S2. 

. .  
1 = 1, ..., n 

Where Nx and Ny are the normals of the pseudo shape, and n is the number of face ele- 
ments. 

If our goal is to inspect the pseudo shape with the highest reliability possible, the analysis is 
very similar to the 2D and 3D lambertian convex cases. The difference between the convex 
case and the pseudo shape case is that the pseudo shape is non-planar. The uncertainty for a 
planar convex face is constant since the variance of the face depends on the face's normal 
direction and the light source direction. A pseudo shape face is curved. Therefore, the uncer- 
tainty along the pseudo shape face varies. We could minimize the average angular orienta- 
tion error of a pseudo shape face, or, if we were interested in a particular point, we could 
minimize the angular orientation error of that point. For the experiments that follow, we 
seek to minimize the error at the center of each face. 

If B1 and B2 are the nominal light source intensities, noise in either B 1 or B2 will cause an 
error in Nx and Ny, producing a noisy normal: 

1 = I .  ..., n 
[i] +6B1 [il - rNxXi1 + 6 N x [ i l  

+ 6 B 2 [ i ]  I - '  p " [ i ]  + & V y [ i ]  

If we were to measure B1 and B2, both of which might be corrupted by errors, and we were 
to solve for Nx and Ny, we would normalize the resulting values of Nx and Ny because the 
surface normal is by definition a unit vector. The noisy, normalized, normal is: 

We define the orientation error to be the angle between the nominal unit normal and the 
noisy unit normal. We have the planner conduct a simulation using the intensity noise func- 
tion. If we know the nominal intensity of each light source. (This can be determined if the 
object's pose, the light source directions, and the light source's radiance is known.) and the 
corresponding value of o,, we can calculate a noisy surface orientation using the known 
light source positions. At each iteration, a random intensity for each light source is gener- 
ated from the mean light source intensity and oi for that light source intensity. These two 
noisy intensity values are used to determine a noisy surface orientation. We repeat this 1000 
times. We calculate the mean, noisy, surface orientation to be the center of mass of the 1000 
noisy surface orientations: 

1wO 1Mx) 
. .  [ N x  [i l  [il I = I ,  ..., n 

' =  1 i =  1 
loo0 

- 
1000 R[il .Oi, ,  - 
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Using each noisy surface orientation and the mean, noisy, surface orientation, we calculate 
the orientation error. 

e[iie,, = ~ ~ O S ( ~ [ ~ I . . ~ , “ ~ * N L ~ I . ~ ~ , , J  I . .  = I ,__. ,  

Using the 1000 values of orientation error that our simulation produced, we then determine 
the standard deviation of surface orientation error, @e,). 
We have performed simulations on a range of simple 2D concavities to explore the relation- 
ship between o(O,,) and concavity shape. 

The first concavity is 140”. p= 0.8. n = 500. The intensity of both light sources was 200. 
Both sides of the concavity are the same length. 

.. .. .. Face “ A  Face “ B  -.. ....... ..... .-.. 20” .................. . . . . . . . . .  ............. 
*.. *.. 

20“. 

........ 

Fig. 2-31. 140° 2D concavity 

The shape and pseudo shape are shown here (The pseudo shape is the more concave shape.): 

Fig. 2-32. 140° 2D concavity shape and pseudo shape 

The error surface for Face “A’  is (Sl ,  S2, and error are all in degrees): 
3a(9,) for center of Face A 

3~(8,,) for center of Face A 

. r  ... 3o(e,,) for center of Face A 

Fig. 2-33. 140’ 2D concavity error surface for center of face A 
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The maximum error is 37.5". The minium error is 1.5". The search was conducted in 5" 
increments. 

The second concavity is 90". p= 0.8. n = 500. The intensity of both 
Both sides of the concavity are the same length. 

45" . . . . . . . . , 

The shape and pseudo shape are shown here: 

45" . . . . . . . 

light sources was 200. 

Fig. 2-35.90' 2D Concavity shape and pseudo shape 

The error surface for Face A is (Sl ,  S2, and error are all in degrees): 
30(0,,) for center of Face A 

30(0,,) for center of Face A 

i 
3 o/ 
2 n 
10 30 

2 

- -  
j 
I 
i 

30(0,,) for center of Face A 

4 i r  
W0 30; 

c 0: '3 c - 
20 10; 
1 0  0 ;  

0 

~ 

Fig. 2-36. 90° 2D concavity error surface for center of face A 
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The maximum error is 35.6'. The minium error is 2.0". The search was conducted in 5" 
increments. 

The third concavity is 45". p= 0.8. n = 500. The intensity of both light sources was 200. 
Both sides of the concavity are the same length. 

: 67.5" ~.___________.___ 67.5" --.. ................ 

Face " A  Face 'B" 

Fig. 2-37.45' 2D concavity 

The shape and pseudo shape are shown here: 

Fig. 2-38.45' 2D concavity shape and pseudo shape 

The error surface for Face A is (Sl, S2, and error are all in degrees): 

3~((8,,) for Face center of A 3o(OCm) for center of Face A 

1 
I 

10: 

::I - -8 

i 

3o(O,) for center of Face A 

30(0,) for center of Face A 
4 0  
30 
2 0  

n 
I ?  

Fig. 2-39.45' 2JJ concavity ermr surface for center of face A 
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The maximum error is 36.8". The minium error is 6.7". The search was conducted in 5" 
increments. 

As the concavity becomes more acute, the pseudo shape becomes deeper and more concave. 
In addition, as the concavity becomes more acute, the visibility region becomes more acute. 
These two factors combine to increase the minimum error for a face. (The maximum error is 
largely a function of the separation between the light sources.) 

As shown in section 2.2.3.1, a lambertian shape will produce high reliability when the angle 
between the light sources and normal are large. As a concavity becomes more acute, and the 
pseudo shape becomes deeper and more concave, the maximum angle between viewpoints 
in the visibility region and points along the pseudo shape will be smaller. This will cause the 
error to be larger, and more of the visibility region will produce large errors. For a shallow 
concavity, the pseudo shape will be less concave. Less of the visibility region will be at an 
acute angle to the pseudo shape. The maximum angle between viewpoints in the visibility 
region and points along the pseudo shape will be larger. This will cause the error to be 
smaller, and less of the visibility region will produce large errors. 

We also looked at the variation in error along each face of the pseudo shape. (Points 0 to 249 
belong to pseudo shape face A. Points 250 to 499 belong to pseudo shape face B. S1 = 
72.5", S2 = 107.5", rho = 0.8) 

- 4.0- 

0 3.0. 
t: 

m 2.0i 0.0 1 .o 

0.0 100.0 200.0 300.0 400.0 500.0 Point Number 
Fig. 240 .  Error across face A and Face B for 140" concavity 

0.0 t J 
0.0 100.0 200.0 300.0 400.0 500.0 Point Number 

Fig. 2-41. Error acmss face A and Face B for 90" concavity 
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1.01 

0.0' 1 
0.0 100.0 200.0 300.0 400.0 500.0 PoiotNurnher 

Fig. 2-42. Error across face A and Face B for 45O concavity 

The variation in error along a face is a function of the curvature of the pseudo shape face. If 
the pseudo shape face is approximately flat, the angle between the light sources and face are 
approximately constant. Therefore, the error along the face is approximately constant. If the 
pseudo shape face has a high curvature, the angle between the light sources and face will 
vary. This will cause the error along the face to vary. The 45" concavity's pseudo shape has 
the highest curvature. Therefore, the error along its face varies the most. 

2.8 3D Concave Lambertian Illumination 
Now we consider the illumination of simple 3D concavities, concavities composed of two 
rectangular faces that are fully visible to each other. The solution of the 3D concave illumi- 
nation problem is very similar to the solution of the 2D concave illumination problem. 

In the three-dimensional case, we have elements i and j. r is the distance between the centers 
of the elements. Ni is the normal of element i. Nj is the normal of element j. 

t Nj 
Ni . 
Fig. 2-43. Interreflectioo geometry 

The form factor [Sparrow 781 between elements i and j is: 

V is the visibility between face i and face j. V = 1 if face i can see face j .  V = 0 otherwise. 
dAj is the differential area of facet j. 

We solve the forward problem for three light sources, S1, S2, and S3. S1 produces the 
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brightness distribution B1. S2 produces the brightness distribution B2. S3 produces the 
brightness distribution B3. Once we have B1, B2, and B3, we can solve for the pseudo shape 
using B1, SI ,  B2, S2, B3, and S3. 

Our goal is to inspect the pseudo shape with the highest reliability possible. The analysis is 
identical to the 3D convex case, Section 2.4.1. We use B1, B2, B3, Nx, Ny, and Nz to calcu- 
late the angular orientation error at each point on the pseudo shape. The difference between 
the convex case and the pseudo shape case is that the pseudo shape is non-planar. The uncer- 
tainty for a planar convex face is constant since the variance of the face depends on the 
face’s normal direction and the light source direction. A pseudo shape face is curved. There- 
fore, the uncertainty along the pseudo shape face varies. We could minimize the average 
angular orientation error of a pseudo shape face, or if we were interested in a particular 
point, we could minimize the angular orientation error of that point. For the experiments that 
follow, we seek to minimize the error at the center of each face. 

2.8.1 Implementation 

We implemented our 3D concave planner in C instead of in LISP because of the large com- 
putational expense involved in the forward prediction problem. Our 3D planner accepts the 
vertex coordinates of two rectangular faces. Each face is tessellated into an NxN grid of ele- 
ments. (For these experiments N = 15.) All combinations of light sources that are visible to 
both faces are included in a potential source list. The forward prediction is performed for 
each combination of light sources in the source list. Then, the angular orientation error is 
calculated at the center of both faces. A viewpoint that satisfies the minimum foreshortening 
criteria is used. 

2.9 3D Concave Lambertian Illumination Experiments 
Experiments were conducted to validate the concave lambertian illumination planner. We 
wanted to verify that the illumination plans generated by the planner were valid and accu- 
rate. In order to do this, we tested the results of the planner for two illumination plans. One 
plan tested was one of the most accurate illumination plan generated by our illumination 
planner. The other plan tested was one of the least accurate illumination plan generated by 
our illumination planner. The results of the two plans were compared with each other and 
with the planner’s predictions. We also verified that the light source viewpoint visibility and 
camera viewpoint visibility predicted by the planner were correct. 

2.9.1 Chalk Concavity 

We constructed a simple concavity. Two rectangular faces were milled out of railroad chalk. 
The two faces were held in a holder that formed a 90” concavity. 
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Nx Light 
Source 

The concavity was oriented so that the X, Y, and Z axes intersect at the center of the concav- 
ity. The X axis coincides with the cusp of the concavity. The Z axis bisects the concavity (it 
points up). By using a Macbeth Colorchecker color rendition chart, we determined that the 
albedo of the railroad chalk was 0.936. 

Nz Source Intensity NY 

Fig. 2-44 90’ Chalk concavity 

2 0.3090 I -0.5000 I 0.8090 

The nominal orientation of the concavity’s faces is shown in the table below. 

207.0 

Face Nx NY Nz 
A 0.0 0.707 0.707 

5 
6 
11 
12 

Our light sources are 2” in diameter and they are 9” from our object. They subtend an angle 
of 12.5’. In order to ensure that all of the light source is visible to each illuminated face, we 
impose a limit on the light source incident angle: the angle between a light source and Face 
A or Face B cannot be more than 77.5”. Seven light sources satisfy this condition: S1, 52, 
S3, S5, S6, S11, and S12. We measured the intensities of these light sources using the same 
material that the chalk faces were made of. 

The possible light source directions: 

0.5257 0.0000 0.8507 185.7 
-0.5 25 7 0.0000 0.8507 205.2 
0.3090 0.5000 0.8090 192.3 
-0.3090 0.5000 0.8090 208.2 

I 1 I -0.3090 I -0.5000 1 0.8090 I 176.2 I 

I 3 I 0.0000 I 0.0000 I 1.0000 I 207.4 I 
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View 

The possible viewing directions: 

Nx NY Nz 

24 
25 
26 
27 
28 

-0.7697 0.5787 0.2697 
0.5774 0.5774 0.5774 
0.2697 0.7697 0.5787 
0.5787 0.2697 0.7697 
0.7697 0.5787 0.2697 

30 I -0.7454 1 o.oo00 I 0.6667 
34 
37 
41 

0.7454 0 . 0 m  0.6667 
-0.3568 0.9341 0.0000 
0.3568 0.9341 0.0000 

The planner selected viewpoint 5 as the least foreshortening viewpoint. 

We implemented two of the best illumination plans and two of the worst illumination plans. 
The planner predictions and measurements are for a point near the center of each face. 

In general, the predictions for the best case illumination plans are within 15% of the predic- 
tions. The predictions for the worst case illumination plans are not as accurate, with errors 
running up to 30%. The reason for the difference in accuracy is the very nature of the best 
case versus worst case plans. The best case illumination plans produce a small amount of 
error when there is a disturbance in intensity. We have considered this disturbance to be 
from the light intensity variance of the CCD and digitizer. The best case plan has a low sen- 
sitivity to this noise, while the worst case plan has a high sensitivity. An intensity distur- 
bance can also be caused by a deviation between the planner’s photometric model and the 
actual photometric model. Our chalk surface is not perfectly lambertian (Fig. 2-45. ). So, 
there are discrepancies between the intensities that our planner predicts and our measure- 
ments. Since our worst case plan has a higher sensitivity to these intensity deviations, the 
accuracy of these plans is worse. This observation makes us conclude that less sensitive 
plans will also produce more accurate results when there are deviations in the expected pho- 
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A 

tometric model 

2,11,5 4.22 3.05 
B 

The deviation that we measured between the chalk and the ideal lambertian model is shown 
below. 

2,11,5 4.23 3.51 

V."" 

0.0 20.0 40.0 60.0 80.0 Viewing Angle 

Fig. 2-45. Chalk: Intensity versus viewing angle. (incident angle = Oo ) 

A lambertian surface's intensity should be viewer independent. The chalk exhibits some 
reduction in intensity with increased viewing angle. This caused the brightness predicted by 
the planner to be greater than measurements. The next table lists predicted brightness versus 
measured brightness near the center of each face. 
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Measurement 

We measured a 10x10 array of points on each face of the concavity. This allows us to corn- 
pare the predicted and measured error surfaces, 30(0,,), Fig. 2-46. and Fig. 2-48. . 

We are also able to compare the predicted and measured intensity profiles for each face. The 
shape of the two surfaces is very close. As expected, the measured intensity surface is atten- 
uated, Fig. 2-47. and Fig. 2-49. . 

An intensity image of the concavity and a needle map of the concavity is shown in Fig. 2- 
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Planner Measurement 
Fig. 246.  Best plan error surface, face B, 90' chalk concavity. sources: 1, 12.5 

.. .. 

Planner Measurement 
Fig. 2-47. Best plan intensity, face B, 90' chakconcavity, sources: 1. 12,5 

15 

10 

5 

0 

15 

10 

5 

Planner Measurement 

Fig. 2 4 8 .  Worst plan error surface, face B, 90' chalk concavity, sources: 2,11,5 

j 

Planner Measurement 

Fig. 2-49. Worst plan intensity, face B, 90° chalk concavity, sources: 2, 11.5 



page 55 

5 0 . .  

Fig. 2-50. Intensity image from source 1 .  and needle map from sources: 1.  12. 5 

2.10 2D Lambertian Source Error 
Even though we have primarily been concerned with finding the sensitivity of surface orien- 
tation to random errors, primarily intensity noise, fixed errors are also an issue. Fixed errors 
include: errors in source location, errors in source intensity, and errors in the photometric 
model. Errors in source intensity and errors in the photometric model can be viewed as 
intensity disturbances. Therefore, the analysis of orientation error due to intensity noise 
applies to these fixed errors. Places in the intensity noise error surface that produced a small 
error due to intensity noise, will also produce a small error due to source intensity error or 
photometric error. Places in the intensity noise error surface that produced a large error due 
to intensity noise, will also produce a large error due to source intensity error or photomemc 
error. 

Source location errors are fundamentally different. In this section, we investigate errors in 
surface normal orientation due to source location errors in a 2D lambertian system. 

2.10.1 2D Lambertian Source Error 

In the nominal 2D lambertian system: 
II  = (cose i l )  = cos (es, - e,) 
12 = (c0seiz) = cos(esz-eN) 

WSl = QSl + a s 1  

wsz = Os2 + a s 2  

11’ = COS (wSl - eN) 
12‘ = COS (ws2 - eN)  

If Bsl or Bsz is incorrect 

we will produce a corrupted intensity: 

Then the corrupted intensity will be converted into a surface orientation using the incorrect 
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pair (the nominal pair) of source directions: 

The important thing to realize is that both the intensities and source directions are incorrect. 

Ray, Birk, and Kelly [Ray 831 finds the sensitivity of p and q with respect to changes in the 
azimuth and zenith angles of each light source. Their formulation involves finding partial 
derivatives of a closed form expression for p and q: 

4, = f (11- '29 '3' op 9217 $31)  

Pn = ~ ( ~ n , ~ l , ~ 2 s ~ y e p  9 1 p 0 2 p  93,) 

Their formulation for finding the sensitivities of light source position errors amounts to cre- 
ating an erroneous light source position, leaving the intensities the same, and finding the 
change in surface orientation. While this is mathematically the expression for the sensitivity 
of surface orientation to errors in source position, their formulation does not reflect what 
happens when one makes a photometric measurement with erroneous light source positions. 
It does not include the perturbed intensities caused by the incorrect source locations, and the 
incorrect use of the nominal source locations in interpreting these perturbed intensities. 

In order to visualize the orientation error surface due to source position error, we generated 
an error surface for a normal at 90". We moved two light sources between O0 and 180". At 
each source position we used four combinations of source position error (+6S1, +6S2), 
(+6S1, -6S2) ,  (-6S1, +652), and (-8.91. -6S2). 6s was set equal to 2". Our error was set equal 
to the average of the two worst errors. 

The error surface has four quadrants: in quadrant one, S1 and S2 are less than 90"; in quad- 
rant two, S1 and S2 are greater than 90"; in quadrant three, S1 is less than 90"and S2 is 
greater than 90'; and in quadrant four, S1 is greater than 90' and 52 is less than 90". When 
both S1 and S2 are on opposite sides of the normal, the error is bounded by the source error. 
This is seen in quadrants one and two. The error surface is flat in these two quadrants, and 
the error is equal to 2". This even holds when the two light sources are very close to the nor- 
mal. When the light sources are on the same sides of the normal, the error can become very 
big. This is seen in quadrants three and four. 

Fig. 2-51. Orientation error surface: 6S=2", N=90" 
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In order to gain some insight into the source error surface, we use a ratio function diagram. 
The ratio function diagram shows normalized light source intensity versus surface orienta- 
tion for two light sources, and the ratio of 31/I2. Photometric stereo can be thought of as 
measuring the intensity of a surface for different light source directions, and then calculating 
surface orientation by calculating the ratios of these intensities. 

First, we look at the case, where the light sources are on opposite sides of the normal. We 
construct a ratio function diagram for the nominal source positions of S1=45", S2=135". 
Our normal is at 90". The diagram below show that at 90", the ratio of IllI2 equals 1.0. 

2.01.. , " ' ' ' .  ' ' ' " I '  ' .  I 1 

0.6 1, , , , , , , p<,..'''['*\ . , , , , . , 
0.4 

0.2 

0.0.0 45.0 90.0 135.0 180.0 Surface Orientation 
Fig. 2-52. Ratio function diagram: S1=45°. S2=135' 

Now, we construct ratio function diagrams for a normal at 90", and source positions that are 
perturbed by +/- 5". First, we move S 1 +5"and S2 -5", so that S 1 = 50" and S2=13Oo. We find 
that at 90", the ratio is equal to 1.0. 

1.4 
,x 12 .- 

I . .  1 
45.0 90.0 135.0 180.0 Surface Orientation 

Fig. 2-53. Ratio function diagram: S1=5O0, S2=13Oo 

If we move S1 -5"and S 2  +5', so that S1= 40" and S2=14Oo, we find that at 90". the ratio is 
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equal to 1.0. 

Surface Orientation 
Fig. 2-54. Ratio function diagram: S1=40", S2=140° 

If we move SI -5", and S2 -5", so that S1= 40" and S2=130°, we find that at 90", the ratio 
changes to approximately 0.82. Both light sources are moving in the same direction, and by 
the same amount. Both intensity curves are being shifted by the same amount. The ratio 
curve is the same as the S1=45" and S2=135" case, but it is  shifted 5" in the negative direc- 
tion. 

2.0 I I 

1.4 

0.6 
0.4 

1.6 
1.4 

h 1.2 - + 
m 
5 1.0 - ,_.- .. .,. I 
S - 0.8 '. 
0.6 
0.4 

0.2 

- 

- 

- 

0.0.0 45.0 90.0 135.0 180.0 
' . ' ' " ' ' ' 

Fig. 2-55. Ratio function diagram: S1=40°, S2=130° 

0.0.0 I . .  . . . , ' , . . . . . . . .  45.0 90.0 I , . . . _ .  \ 135.0 _ . . . . . _ . . :  180.0 

Fig. 2-55. Ratio function diagram: S1=40°, S2=130° 
Surface Orientation 

If we move SI +5", and S2 +5", so that S1= 50" and S2=140", we find that at 90", the ratio 
changes to approximately 1.2. The ratio curve is the same as the S1=45' and S2=135" case, 
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" '  " . " "  

s2 
1.6 

1.4 

,h 1.2 

5 1.0 
.* 
y1 ...-.-..__ 

*. ..I' ---. - - 
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I - 0.8 - ,/' 
0.6 - 
0.4 . 
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but it is 

Surface Orientation 
Fig. 2-56. Ratio function diagram: S1=50°, S2=140° 

Next, we plot the nominal and perturbed ratios on the nominal (S1= 45" and S2=135") ratio 
function diagram. This diagram shows us how we would interpret the intensity ratios pro- 
duced by the erroneous source positions given the nominal light source positions. We see 
that the ratio produced by the case when S1= 50" and S2=13Oo would be interpreted as a 
surface orientation of 90'. The case when S1=40" and S2=140" will also be interpreted as a 
surface orientation of 90". The case when S1=50" and S2=130° will produce a surface ori- 
entation of 85". This is a 5" surface orientation error, and is equal to the shift in both light 
sources. The case when S1=40" and S2=13Oo will produce a surface orientation of 95" 
which is also a 5" surface orientation error. 

180.0 Surface Orientation 
Fig. 2-57. Ratio function diagram: S1=45", S2=135O 

We can make some general conclusions for the case when both light sources are on opposite 
sides of the normal. For the same amount of source position error, the orientation error when 
both light sources move in the same direction is going to be greater than when both light 
sources move in opposite directions. The worst case orientation error is going be produced 
when both light sources move in the same direction. The worst case orientation error will be 
equal to the source position error of both light sources. Other normals that are illuminated 
by both SI and S2, will also fall within this error bound. 
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Next, we look at the case where both light sources are on the same side of the normal. This 
will produce a different error bound than the case where both light sources are on opposite 
sides of the normal. We construct a ratio function diagam for nominal source positions of 
S1=150". S2=170". Our normal is at 90". The diagram below show that at 90", the ratio of 

- 

- 
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' I  
_ J  I 

- I 
.' I 
< I  

1.0 Surface Orientation 

Now, we construct ratio function diagrams for a normal at 90", and source positions that are 
perturbed by +/- 5'. If we move S1+5" and 52 +5", so that SI= 155" and S2=175", we find 
that the ratio equals approximately 0.2. 

I " . . ' ' .  I 
! 

1.0 Surface Orientation 

If we move S1 -5" and S2 -5", so that S1= 145" and S2=165", we find that the ratio equals 
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We plot the nominal and perturbed ratios on the nominal (S1= 150" and S2=170") ratio 
function diagram. This diagram shows us how we would interpret the intensity ratios pro- 
duced by the erroneous source positions given the nominal light source positions. We see 
that the ratio produced by the case when S1= 155" and S2=175" would be interpreted as a 
surface orientation to 85". This is a 5" surface orientation error, and is equal to the shift in 
both light sources. The case when S1=145" and S2=165" will be interpreted as a surface ori- 
entation of 95" which is also a 5" surface orientation error. The case when S1=145" and 
S2=175" will produce a surface orientation of 84". The case when S1=155" and S2=165" 
will produce a surface orientation of 106" . 

1.0 

0.8 

3 
' Z  0.6 
9 
c 
c 
3 

0.4 

0.2 

0.P 
F 

51=155, S2=165 

I 45.0 90.0 135.0 180.0 Surface Orientation 
2-63. Ratio function diagram: S1=15Oo, S2=170° 

We can make some general conclusions for the case when both light source are on the same 
side of the normal. When the light sources move in the same direction, the error is equal to 
the light source shift. This is the same as when the light sources were on opposite sides of 
the normal. However, when the light sources move in opposite directions, the error can 
become very large. In general, for the case when the. light sources are on the same side of the 
normal, we cannot say what the bounds of the orientation error is. 

2.10.2 3D Lambertian Source Error 

Next we constructed a 3D simulator, and sampled 3D space to see if the same trends 
applied. Our normal is along the Z axis. We produced noisy source positions for each mean 
source position. For a source specified by: S ( e , @ )  we generate random positions of 
S(N(B,o,), N(@,q)), where os is the standard deviation of our source uncertainty. For our 
experiments we set (T, equal to 2". We produced 1000 noisy sonrce positions, and calculated 
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the mean orientation error. 

Average 

120 240 2.0 
SO I 0 I SO I 120 I 80 I 240 I 2.0 

1 11  1 30 I 0 I 60 I 60 I 60 1300 I 7.6 

For cases 1, 2, and 3, =moo, and Bsl=Bs2=Bs3. This places the three 
light sources on "opposite sides of the normal" in a "3D sense". The error is a minimum, and 
is independent of Os. Cases 4 and 5 are somewhat less well separated, and the error 
increases. In cases 6 through 11, the light sources become less well separated in $, and the 
error increases further. However, the 3D cases are not as easy to categorize as the 2D cases 
are. For example, case 8 seems less well separated than case 10, but the error for case 8 is 
significantly less. 

We have not been able to construct a closed form 3D metric which expresses how insensi- 
tive a particular light source configuration will be with respect to source error. The best that 
can be done is to conduct a simulation to see how each potential source configuration will 
perform. However, it is clear that sources that are distributed around a normal are better than 
sources which are crowded on one side of the normal. 

= O", oSz =120°, 

2.11 Summary 
This chapter has discussed the illumination of lambertian surfaces. We have discussed the 
illumination of 2D and 3D convex surfaces, and we have discussed the illumination of 2D 
and 3D simple concavities. Our illumination planner uses a noise model of the CCD, the 
lambertian reflectance model, and a candidate light source configuration to perform a statis- 
tical simulation which determines how much uncertainty we can expect in our shape mea- 
surement. This technique is used throughout the remainder of the thesis. We have conducted 
experiments that have validated our methodology for 3D convex and 3D concave lambertian 
surfaces. We have also discussed how the planner can use a CAD model to illuminate a 
specified set of object faces in an efficient manner, and we have briefly discussed how light 
source positional uncertainty affects the accuracy of our shape measurement. The next chap- 
ter discusses the illumination of rough diffuse surfaces 
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Chapter 3 
Illumination of Rough Diffuse Surfaces 

This chapter discusses the 2D illumination of rough diffuse surfaces, surfaces that follow the 
Oren-Nayar reflection model. The Oren-Nayar reflection model is a generalization of the 
lambertian model, that allows a much larger class of surfaces to be considered. We discuss 
the determination of surface orientation in the presence of intensity noise. 

3.1 Oren-Nayar Rough Diffuse Model 
The Lambertian model was proposed by Lambert to describe surfaces that appear equally 
bright from all directions. Oren and Nayar [Oren 951 developed the rough diffuse model to 
describe the reflectance properties of diffuse surfaces whose brightness is also a function of 
viewing direction. Their model applies to rough, diffuse, surfaces when many surface facets 
are viewed by each camera pixel, and the facet area is much greater than the wavelength of 
incident light. Facets are modeled by V-cavities. 

n 

Fig. 3-1. V cavity facet geometry 

n is the normal of the surface, a is the normal of a facet, 0, is the angle between the facet 
normal and the surface normal. 

The Oren-Nayar model accounts for masking, shadowing, and interreflection between fac- 
ets. Masking occurs when one facet in a V-cavity occludes the. viewer’s visibility of the sec- 
ond facet in the V-cavity. Shadowing occurs when one facet in a V-cavity occludes the light 
source’s visibility of the second facet in the V-cavity. Masking and shadowing affect the 
projected radiance of the facet. Interreflection occurs between the facets of the V-cavity and 
increases the radiance of the surface, especially when the surface is illuminated and viewed 
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from opposite directions. 

The geometry for the Oren-Nayar model for a surface patch with normal, N, illuminated by 
a light source at (ei, &), and viewed from (e,, $,) is: 

Reflected 

I _ . _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  

.: 
X 
Fig. 3-2. Surface patch m m e u y  

In integral form the Oren-Nayar model is: 

L, is the radiance of the surface. P( Oh is called the slope area distribution. It is the fraction 
of surface area that is occupied by facets with a surface normal equal to 0,. For a gaussian, 
isotropic, surface, P( e,) is a gaussian distribution. The distribution has zero mean, and o is 
the standard deviation of the distribution. Lrp( 03 is the radiance of a facet that has a normal 
equal to ea. 

Due to the complexity of the integral form of L, , the integral cannot be easily evaluated. 
Oren and Nayar created a functional approximation of the integral model by finding basis 
functions for L, . A separate functional approximation was made for the component due to 
direct illumination and for the component due to interreflection. 

The functional model approximation is: 
1 2  L7 = Lr + L ,  

a+p 
c, + cos(~,-+,)c 2 tang+ (1 -ices t+,-+,,~)c~tan( T)] 

2P 
2 

L.? 2 = O . I ~ - E ~ C O ~ B ~  P2 [ 1 - cos ( y ) ] n 0 +0.13 

a = ~ ~ ~ [ e ~ e ~ l  p =  in [ei ei]  

L, is the radiance of the surface. is the radiance of the surface due to direct illumination. 
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L,? is the radiance of the surface due to interreflection. p is the albedo of the surface. E, is 
the irradiance of a fully illuminated facet, when fIi = 0. 

C,, C,, C,, are coefficients. 
2 a 

o2 + 0.33 

0.45 s i n a  if cos(@, - @J 2 0 

Ci = 1 - 0.5 

2 

0 +0.09 

a + 0.09 

4ap 2 
2 

c3 = o m (  )($ 
u +o.w 

3.2 Surface Orientation Calculation 
In order to determine surface orientation, we need to solve a system of rough diffuse equa- 
tions. (Oren and Nayar determined surface orientation for their 2D photometric stereo mea- 
surements by using a lookup table.) We can solve a system of rough diffuse equations by 
forming a set of equations that express ratios of intensities. 

For example in a 2D lambertian system, 

Fig. 3 - 3 . D  Lambenian geometry 

we could solve the 2D system of lambertian equations like this: 
II = PCOS (e,, - eN) I~ = PCOS ( e S 2 - e N )  

Then, we form the ratio’s of intensities. 
I ,  - COS (e,, -9,) 

fz COS (esz - eN) 
I ,  COS (es2 - e,) = I ~ C O S  (esl -e,,.) 

- _  

We bring everything over to one side, and define F as: 
F = I ~ C O S  (esz -e,) -[*COS (esl - e,) = o 
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This equation can be solved, iteratively, using the Newton-Raphson method 
F e.h'+l = 

In a similar manner, we can solve a system of three equations for the Oren-Nayar diffuse 
model. We will denote the Oren-Nayar model withf. The source and view directions, in the 
global coordinate system, are fixed, and we know 0. 

X 
Fig. 3 4 .  Global coordinate system 

We want to solve for the normal's orientation in the global coordinate system. The func- 
tional model is expressed in local coordinates. We convert from the global coordinate frame 
to the local coordinate frame in order to evaluatef. For our initial guess, we use the lamber- 
tian model to solve for normal's orientation, N, using (IlJ2J3). 

II = ms,. m,,, ew qW 0, $J i2 = .w,,, msz. e, m, 0, 4") l3 = m,,, $s32 oh" 

F~ = 1 1 f ( ~ s 2 9  +s2, +w ev +J - ~ ~ ( e s 1 ,  eW $W e, = o 

F ,  = l,msy os3' 8, +w or 0,) - J j ( e s l .  eSl. oh" +w e, = o 

The system is solved, iteratively, using the Newton-Raphson method. 

TaF. aF.1 

f " + i  = $N+ 1 = + N + @ N  

eh. is positive. If €lS becomes negative, we add x to $N and make Oh. positive. We keep 
between -Z*n and 2*n. 

The conversion from the global coordinate frame to the local coordinate frame is accom- 
plished as follows. In 3D, we know , h. We want to solve for 9, , O r ,  , QS , 9" , & , 
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and (qr - 6). These can be solved for by using spherical triangles [Rosenbach 611. 

Fig. 3-5. Global and local coordinate system spherical triangles 

cosOi = coseNcosOs + sinONsinescos ( $ N -  0,) 

= cosONcos~v+ sinOA,sin8,cos (ON-Qv) 

cosR = cos8scos9v+ sinessinevcos ( L $ ~ -  0,) 

(cosn - coseicosoTj 

( slneisinfJr) cos ( O r - + t l  = 

3.3 2D Rough Diffuse Error Surfaces 
We performed 2D simulations to determine the sensitivity of rough diffuse surface onenta- 
tion with respect to intensity noise. For the simulations that follow our 2D normal is N=90". 
We move two light sources between 0" and 180". At each light source combination, we cal- 
culate the nominal intensity of the normal for both light sources. Then we create a noisy 
intensity using our intensity noise function for both light sources. We calculate N using the 
two noisy intensity values. We repeat this 1000 times and calculate the standard deviation of 
the angular orientation error. Our total error is equal to three sigma. 

The 2D error surfaces for the Oren-Nayar rough diffuse model are similar to the lambertian 
error surfaces. There are 2nd order differences between the two sets of error surfaces. We 
can gain some insight into these differences by examining the intensity surfaces for the 
rough diffuse model. On the 2D case, the viewer and light source are in the same plane of 
incidence. A 3D case, in which the light source and viewer are not in the same plane, will 
produce different intensity surfaces, and different error surfaces.) We use the following 2D 
global coordinate system for specifying the positions of the viewer, nomdl, and light 
sources. 

. -~ 
Fig. 3-6. Sourcehiewer frame of reference coordinate system 
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Below is the intensity surface foro  = 10". The intensity surface shows intensity versus inci- 
dent angle and viewing angle for a normal at Or = 90". When IS is small, the intensity sur- 
face is close to larnbertian. 

150 100 I O  

Fig. 3-7. Rough diffuse intensity surface, d = 1 0°, = 90°, p = 0.9, E,= 3 14. 

Intensity does vary with viewing direction. When Os = 90" (ei = 0 "),the functional approxi- 
mation becomes near lambertian. Intensity versus view angle becomes constant. 

45.0 90.0 135.0 1: 
Fig. 3-8. Rough diffuse intensity verses viewing angle, 0 = IOo, ON = 90'. p = 0.9, E,= 314. 

For a fixed viewing direction, intensity does deviate from the lambertian cosine function. 
When €Iv = 90" (e, = On), the functional approximation becomes near lambertian. Intensity 
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versus incident angle is a cosine function. 

Fig. 3-9. Rough diffuse intensity verses source direction, ff = IO", €IN = 90'. p = 0.9. E,= 314 

As the deviations between the lambertian and the rough diffuse intensity surfaces become 
greater, the deviations between the two classes of error surfaces will also become greater. 
There are two types of differences between the intensity surfaces of the rough diffuse case 
and the lambertian case that contribute to the differences in the error surfaces. The first fac- 
tor is the steepness of the intensity surface. As can be seen in Fig. 3-9., there are places 
where the rough diffuse intensity curves are steeper than the cosine function, and there are 
places where the rough diffuse intensity curves are less steep than the cosine function. A 
steeper intensity surface will cause a decrease in noise sensitivity, while a flatter intensity 
surface will cause an increase in noise sensitivity. The second factor is the magnitude of the 
intensity surface. As can be seen in Fig. 3-8. , intensity does vary with viewing direction. As 
the intensity increases, the signal to noise ratio becomes greater, decreasing the noise sensi- 
tivity. As the intensity decreases, the signal to noise ratio decreases, increasing the noise 
sensitivity. 

Below are rough diffuse error surfaces for G = 10" and = 90". They are very similar to the 
lambertian error surface for ON = 90". This is because the rough diffuse intensity surface for 
cs = 10" is close to lambertian. 

Fig. 3-10. Rough diffuse error surface, a = IO", €Iv = lo", ON = 90°, p = 0.9, E,= 314. 
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Fig. 3-11. Rough diffuse error surface, D = loo, €Iv = 45". = 90". p = 0.9, E,= 314. 

-.._ --.. -- -.. 1---. . 

-7 

.- I 

' 1 1 1  

Fig. 3-12. Rough diffuse error surface, o= lo", = 90", = 90". p = 0.9, E,= 314 

If we look at cross sections of these error surfaces, we can see some second order differ- 
ences between these error surfaces and a lambertian error surface. (These second order 
effects are much more apparent for the IS = 30" error surfaces.) The error surface cross sec- 
tion curves for BSl= 10' and 9,,=170° would be symmetric for a lambertian error surface. 
For the rough diffuse error surface, they are not. For example, when Bv = 45", the curve for 
9s1=170" has a larger average error than the €Isl= 10" curve. There are two identifiable fac- 
tors that contribute to this. The Bv = 45" intensity curve is flatter when es> 90" than when 
&< 40". This increases the noise sensitivity. Also, the intensity is less for a rough diffuse 
surface when the viewer is not near the light source. The decrease in intensity causes the sig- 
nal to noise ratio to become worse, increasing the angular error. When Bv = 90D, the inten- 
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50.0 

sity surface is near lambertian, causing the cross section to be symmetric. 

---. es, = 170 

- 

\ 
............... .................... 

0.0.0 50.0 100.0 150.0 es2 
Fig. 3-13. Rough diffuse error surface cross section, 0 = lo", 8" = 100. ON = 900, = 0.9, E,= 314. 
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Fig. 3-14. Rough diffuse error surface cross section, 0 = lo", 8, = 45", 8, = 90". p = 0.9, E,= 314. 
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When rs is larger, the intensity surface deviates substantially from lambertian. Below is the 
intensity surface for rs = 30". The intensity surface shows intensity versus incident angle and 
viewing anele for a normal at 8 ,  = 90". 

Fig. 3-16. Rough diffuse intensity surface, 0 = 3O0, = 90'. p = 0.9, E,= 314. 

For large rs, intensity varies strongly with viewing direction, except when, Bs = 90" (ei = 0"). 
When BS = 90" (ei = 0 "),the functional approximation becomes near lambedan. Intensity 
versus view angle becomes constant. 

100.0 

80.0 

x 
-% 60.0 
u - I E 

40.0 

20.0 

0.9 
Fig. 3-17. Rough diffis~ 

45.0 90.0 135.0 I ?  
ntensity verses viewing angle, (r= 30°, ON = 9C 

LO 9v 
, p = 0.9, E,= 314 

For a large CT and a fixed viewing direction, the intensity versus incident angle curves vary 
substantially from a cosine curve. When BV = 90 "(9, = 0 '),the functional approximation 
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becomes near lambertian. Intensity versus incident angle is a cosine function. 
100.0 

80.0 

- x 60.0 .- * = 
eJ 
5 
- - 40.0 

20.0 

0.9 I 45.0 90.0 135.0 180.0 
Fig. 3-18. Rough diffuse intensity verses source direction, o= 30", 0, = 90". p = 0.9, E,= 314 

The shape of the angular orientation error surfae is related to the magnitude of the deriva- 
tive of the rough diffuse intensity function. We calculated the derivative by calculating the 
change in intensity for a small change in surface orientation (d%= 0.0001 radians). 

0.50 

0.40 

- - 0.30 2 
z 
2 m 

0.20 

0.10 

1 

. .- 

0.001:. 45.0 90.0 135.0 180.0 es 
Fig. 3-19. lhrivativel of Rough diffuse intensity. LT = 30", ON = 90°, p = 0.9, E,= 314 

The IdB,/dI function shows that the derivative will be great when we are at the center of the 
intensity peak. The magnitude of the central derivative peak is not significant since the 
derivative becomes unbounded at this point. The Bv = 90" derivative curve is the same shape 
as a lambertian intensity functions' derivative. The Bv = 45" derivative curve has a larger 
derivative on the Bs>90" half of the curve. This is because the intensity curve is flatter when 
0,>90", and is steeper when 8s<40". The Bv = 10" derivative curve is reasonably symmetric 
except that it increases when t3s>130". 

The deviations between the lambertian error surface and the 0 = 30" error surfaces are 
greater than the deviations between the lambertian error surface and the 0 = 10" error sur- 
faces. However, the deviations are still 2nd order. The Bv = 10" error surface is very similar 
to a lambertian error surface. The major difference is that the Elv = 10" singularity spine is 
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not as curved as a lambertian error surface. A factor that may contribute to this is the shape 
of the derivative function. As we move away from the singularity peak, the 9" = IO" deriva- 
tive function is flatter than the Elv = 90" derivative function (which is a cosine function). In 
fact, for e,> 130", the derivative increases. The 0" = 90" derivative function monotonically 
decreases, as we move away from the singularity peak. 

Fig, 3-20. Rough diffuse error surface, a = 30°, = IOo,  = 90'. p = 0.9. E,= 314 

The ec. = 45" surface's singularity spine has a sharp decrease near €Is = 45". If we look at the 
derivative function for Bv = 45", in Fig. 3-19. , we see that the derivative decreases abruptly 
when e,< 45". This will decrease the noise sensitivity. 

Fig. 3-21. Rough diffuse emor surface, D = 30", 8, = 4 5 O ,  = W", p = 0.9. E,= 314. 

The Bv = 90" surface's singularity is close to lambertian. E we look at the intensity curve for 
0" = 90", in Fig. 3-18. , we see that it is a cosine function. 

Fig. 3-22. Rough diffuse error surface. 0 = 30", 8" = W", €IN = 90". p = 0.9, E,= 314. 
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If we look at cross sections of these error surfaces, we can see some second order differ- 
ences between these error surfaces and a lambertian error surface. The error SUrfdCe Cross 
section curves for Bsl= 10" and Bs,=17O0 would be symmetric for a lambertian error surface. 
For the rough diffuse e m r  surface, they are not. For example, when Bv = 45", the curve for 
B,,=170" has a larger average error than the Bsl= 10" curve. There are two identifiable fac- 
tors that contribute to this. The Bv = 45" derivative curve has a larger derivative on the 
8,>90" half of the curve. This is because the intensity curve is flatter when Bs>90", and is 
steeper when B,<40°. This increases the noise sensitivity. Also, the intensity is less for a 
rough diffuse surface when the viewer is not near the light source. The decrease in intensity 
causes the. signal to noise ratio to become worse, increasing the angular error. When Bv = 
90°, the intensity surface is near lambertian, causing the cross section to be symmetric. In 
the region of 9,,=150° to 170", BV = 10" has the greatest error, €Iv = 45" has less error and B,, 
= 90' has the least error. In the region of 9,,=20° to 30", Ov = 10" has the greatest error, Bv = 
90" has less error and Ov = 4.5" has the least error. These etrors correlate with the derivative 
magnitudes in these regions. 

60.0 

50.0 

g 40.0 

50.0 100.0 150.0 
Fig. 3-23. RouEh diffuse error surface cross section, G = 30°, = loo, ON = 90", p = 0.9. E,= 314 
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Fig. 3-24. Rough diffuse emr surface cross section, o= 30°, 0" = 45", ON = 90". p = 0.9, E,= 314 
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Fig. 3-25. Rough diffwe error surface cross section, 0 = 30". Bv = 90°, 8, = 90", p = 0.9, E,= 314 

3.4 Experiments 
3.4.1 Experimental Setup 

We mounted a Sony XC-57 camera with a Fujinon 9mm, F1.4 CCTV lens at the far end of 
an aluminum beam. The near end of the beam was attached to a worm gear driven rotary 
table which allowed the beam to be rotated in a circular arc, parallel to the floor. An optical 
encoder attached to the axis of rotation allowed the angular position of the camera to be 
measured. The distance from the front of the lens to the center of rotation was 61 cm. 

Three 12 VDC xenon light bulbs were mounted on light stands, so that the filament was at 
approximately the same height as the camera's optical axis, and so that the filament was per- 
pendicular to the axis of rotation. The light sources were positioned 99 cm from the center 
of rotation. The worm gear's encoder was used to measure the angular position of the light 
sources. 

Xenon Light 

Target - 

Light Stands 

Camera 

Aluminum 
Beam 

Rotary Table __ 

Fig. 3-26. 2D rough diffuse experimental setup. 
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3.4.2 Rough Painted Sandpaper 

A 2.5" X 3.5" piece of rough sandpaper (Adalos coarse-60) was painted with flat white 
paint and was mounted on a black aluminum block. The sandpaper was positioned so that its 
center was coincident with the axis of rotation. 

Images of the sandpaper were taken for 0, = 30", 50", and 70", and varying between -60" 
(e, =60", t$, = 180') and 70" (e, =70", = 0"). By using a Macbeth ColorChecker color ren- 
dition chart, we determined that the albedo of the paint was 0.813. We then used the Leven- 
berg-Marquardt method to fit the Oren-Nayar functional model approximation to the 
measurements. The central 50% of each image was averaged to obtain each data point. The 
best fit value for d was 23.2, and the best fit value for E, was 335.3. The solid lines are the 
functional model approximation using the best fit values for (T, and E,. The dotted lines are 
the measured values of intensity for the rectangular area of the sample. (Along the X axis of 
the plot, when €Ir is less than zero, this should be interpreted as 4+ = -180" and Or is positive. 
When Or is positive, $r = 0") 

40.0 
20.0 
0.0 
-1 00.0 -50.0 0.0 50.0 100.0 e, 

Fig. 3-27. Measurements versus fitted Oren-Nayar model for rough painted sandpaper. Best tit  
parameten are: 033.2, E,=335.3, p=.813 

The camera was positioned so that we averaged a large number of sandpaper facets in each 
pixel of the camera. We implemented two high error plans and two low error plans. For the 
two viewpoints that we used, the sandpaper sample occupied an area of approximately 70 
pixels square in the resulting image. We sampled this 70x70 pixel area using a 1OX 10 point 
grid, discarding an approximate 3 pixel border on the perimeter of the sample. 
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The images of the sandpaper, for the two viewpoints, and three light sources are below: 

The planner's predictions versus the average measurements for the 10x10 grid are below. In 
general, the measurements are within 15% of the planner's predictions. 

The intensity surfaces for the six combinations of view direction and light direction are 
shown in Fig. 3-28. through Fig. 3-33. .  The surfaces are in general smooth. The small 
irregularities, bumps and valleys, are due to irregularities in the sample. Some of the sur- 
faces which have a large incident angle (ei = 50), show a small amount of radiometric fall 
off across the intensity surface. 

Y 0 X 
Fig. 3-28. Intensity surface. S1=(30. 0), V=(20, a) 
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Fig. 3-29. Intensity surface. S2=(50. E ) ,  V=(20, E) 

2 0 0  

io0 

0 

0 

Fig. 3-30. Intensity surface. S2=(50,0). V=(20, E )  

200 

i o 0  

0 

0 
Fig. 3-31. Intensity surface. 51=(30, 0) ,  V=(60, 0) 
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Fig. 3-32. Intensity surface. S2=(50,0), V=(60,0) 

:200 

:io0 

: o  

0 

Fig. 3-33. Intensity surface.. S2=(50, x ) ,  V=(60.0) 

The error surfaces for the four plans are shown in Fig. 3-34. through Fig. 3-37. . The bumps 
and valleys m the error surfaces are due to the s m a l l  bumps in the intensity surfaces. The 
error surface in Fig. 3-37. shows some tilt which is caused by the radiometric fall off in the 
associated intensity surfaces. 

n < 
Fig. 3-34. 3 0  Error surface. S1=(30,0). S2=(50. n), V=(20. x )  
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Fig. 3-35.30 Error surface. S1=(30,0). S k ( 5 0 .  n), V=(60. 0) 

" 
Fig. 3-37. 30 Error surface. S1=(30,0), SZ=(50, 0). V=(20, n) 

3.5 Summary 
This chapter discussed the 2D illumination of rough diffuse surfaces. We found that for 
small 0, the orientation error surfaces were very similar to the lambertian orientation error 
surfaces. As (T increases, the intensity surfaces and orientation error surfaces have greater 
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deviations from lambertian. We conducted experiments which validated the illumination 
planner’s predictions. The next chapter discusses the illumination of specular spike surfaces. 
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Chapter 4 
Illumination of Specular Spike Surfaces 

This chapter discusses the 2D illumination of specular spike surfaces. We discuss the deter- 
mination of surface orientation in the presence of intensity noise. The specular spike model 
describes reflection from smooth surfaces, such as polished metals. Unlike the lambertian 
and rough diffuse cases, we use extended light sources in this chapter. 

4.1 Specular Spike Model 
According to Nayar [Nayar 91a], the specular spike component is dominant when oh/h < 
0.025. oh is the standard deviation of the normally distributed height distribution that 
describes the roughness of the surface. k is the wavelength of the incident light. Specular 
spike reflection occurs when Oj = e,, and all of the light from a point light source at 9, is 
reflected into a viewer at 9, %ed& 

Fig. 41. Specular geometry rig. +I.  apecuiar geometry 

4.2 Extended Light Sources 
If we are trying to illuminate a distribution of normals with a point light source, we will only 
be able to illuminate one of the normals at a rime. Therefore, extended light sources are 
often used to illuminate specular spike surfaces. Extended light sources are composed of a 
point light source and a light diffusive material. The point light source is mounted at some 
height above the diffusive material. The radiance distribution of an extended light source 
depends on the shape of the diffuser and the position of the light source with respect to the 
diffuser. We examine the sensitivity of orientation error to intensity noise for a 2D circular 
diffuser. A circular diffuser allows many surface orientations of an object to be illuminated 
by using multiple, point, light sources spaced evenly outside of the diffuser. Nayar [Nayar 
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90b] developed this device and called it a photosampler. 
Camera 

Point Light Sources Circular Diffuser 

* O-Object 
Fig. 4-2. 2D photosampler 

If we have a point light source at a distance “ H  above a circular diffuser of radius R: 
Point Light Source 

Circular Diffuser 

Fig. 4-3. Extended source geometry 

The intensity at the specular point, S’, is [Nayar 9Obl: 
L (R + H) cosesL - R 

E =  
1.5 [ ( H  + R  -RcosOs,) + (RsinBSL) ’3 

eSL is the local extended source specular angle. It is the angle between the center of the 
extended source and the specular point, S’. E €IsL is outside the range of illumination, the 
above expression will give a negative intensity. This allows us to determine whether a point 
is within the illuminating range of an extended light source. €IsGis the global specular angle. 
It indicates the position of the specularity in the global coordinate system. The global coor- 
dinate system is used to locate the viewer, Bv, surface normal, h, and the center of the 
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Fig. 4-5. Extended light source intensity R=30, H=lO 

The intensity is greatest where the diffuser is closest to the point source, ElSL = 0, and it 
decreases in an approximately exponential manner as e,, increases. 

We need to determine where an extended light source can be placed so that it illuminates an 
object. This depends on the surface orientation, N, that we are trying to illuminate and the 
viewer's position, V. Once N and V are known we can find the specular point, S', This is the 
point in space that will reflect into the viewer. If we know the position of an extended light 
source, esGC , we can find the angle between the specular point and the extended light 
sources's center, tlSL This will tell us the radiance of the extended light source at the specu- 
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lar point, and this is equal to the intensity that the viewer will see. 
T Z  

Fig. 4-6. Spherical geometry for specular point location 

For specular spike reflection, 
ei  = e7 

p+a = ( q T - O i )  = n 

We know (€IN, &) and (9,QV). First we solve for 9,: 
cose7 = cos8Ncosey+ sine,sinO,cos ( O K - $ +  

Since cosine is a two valued function, there are two possibilities for OSc 
@SG, = - (bsc - @N) + @N 

@scz = (@sc- QN) + 9N 

To select the correct specular point, we calculate the bisector of S and V. The correct solu- 
tion will have a bisector equal to N. 
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There are two special cases: 
if ( O S c = O )  j {qs,=O} 

if (9, = 0 )  3 {qsc= m,+ xOSC s 9J 

When we know the global position of the specular point (esc, + S G )  and the global position of 
the center of the extended light source (eSGC, $SGC)r we can find the local angle of the specu- 
lar point on the extended light source, gsL. This will allow us to find the radiance of the 
extended light source at the specular point. 

tZ 
s G c - + s G 

s v  S’ 
- - *  Xrr - - SL 

Fig. 4-7. Spherical geometry for local specular angle of extended light source, 

cosOSL = cosOsccosOScc + sin9scsin9s,ccos (esc - qscc) 

For a given set of candidate extended light source positions, we find the local angle e,,, and 
the radiance of the light source. Then, for all sets of two light sources that illuminate the nor- 
mal under consideration, we calculate the sensitivity of the surface orientation calculation to 
intensity noise. 

4.3 Surface Spike Orientation Calculation 
In order to determine surface orientation, we need to solve a system of specular spike equa- 
tions. We can solve a system of specular spike equations by forming a set of equations that 
express ratios of intensities. The source and view directions in the world coordinate system 
are known. We want to solve for the normal’s orientation. For our initial guess, we use the 
centroid of the sourcehiew bisectors for the two light sources. 

11  = f(@,,,> 9SL1’ Ow +,v or 0”) 

12 = f@SLZ’+SLZ’ 9, +,v ev @“I 

Fl = ~ l f ( 8 s L z . ~ S , 2 , 8 , + , ~ c * ~ ~ )  - ~ ~ ( ~ S ~ l . ~ s r l , e , ~ + , e , + y )  = o 

The system is solved, iteratively, using the Newton-Raphson method. 

ON+1 = 9N+” 

ON is positive. If ON becomes negative, we add x to h. and make ON positive. We keep 41% 
between -2*x and 2*n. 
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Convergence is not guaranteed. As the derivative of the ratio function approaches zero, it is 
possible for next guess normal to exist outside of the illuminated part of the extended light 
source. If this happens, convergence will not occur. The derivative of the ratio function will 
be close to zero when the light sources are close together, and the specular point is near the 
peripheral of the extended light sources. 

4.4 2D Specular Spike Error Surfaces 
We performed 2D simulations to determine the sensitivity of specular spike surface orienta- 
tion with respect to intensity noise. For the simulations that follow our 2D normal is located 
at 0,=90°. We move two light sources between eSGC=Oo and 8,,,=180". At each light 
source combination, we calculate the nominal intensity of the normal for both light sources. 
Then we create a noisy intensity using our intensity noise function for both light sources. We 
calculate N using the two noisy intensity values. We repeat this 1000 times and calculate the 
standard deviation of the angular orientation error. Our total error is equal to three sigma. 

The shape of the angular orientation error surface will be related to the derivative of the 
extended source intensity function. If we look at IdBSL/dII we will gain some intuition into 
the shape of the orientation error surfaces. 

We examine error surfaces for extended sources with a width of 106.3"(R=30, H=20), 82.8" 
(R=30, H=10), 62.0" (R=30, H=5), and 45.2' (R=30, H2.5). For all of these surfaces 
N=90" and V=8Oo, so the specular point occurs at 100". The radiance of the point light 
source, L, is adjusted so that the extended light source will have a radiance of 255, when OSL 
equals 0. We include source positions that produce an intensity greater than 5 .  For source 
positions that have an intensity less than 5 ,  we set the error to zero, for plotting purposes. 

The 

The Id0,JdI function shows that the derivative will be great when we are at the center of the 
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extended source. The derivative quickly decreases to a minimum, and then steadily 
increases as eSL increases. The magnitude of the central derivative peak is not significant 
since the derivative becomes infinite when esL equals 0. For this extended light source, the 
derivative has a minimum at eSL = 14.4", and is equal to 0.002. The value of the derivative 
when €IsL becomes maximal is dependent on the curvature of the intensity function as the 
intensity approaches zero. The maximum value for this extended Light source is 0.015. (The 
maximum values are at the end of the tails of the IdBsL/dII function. We exclude the central 
derivative peak.) 

- 

- 

- 

1 
OSL 

The error surface shows that the error is smallest when we are close, but somewhat offset 
from the center of the extended light source. The error increases steadily as BsL increases. 
The minimum error occurs when S1= 88.55" (BsLl=11.45") and S2=110.7" (OsL,=10.700), 
and is equal to 0.256. The location of the minimum corresponds well with the location of the 
minimum in the intensity derivative function. 

We do not see a peak in the error surface corresponding to the central derivative peak of the 
IdBsL/dII function. The central derivative peak occurs at the singularity of the intensity pro- 
file, OSL=OD. The derivative quickly decreases as €IsL increases. If we look at the intensity 
function around BsL=Oo, we can see that for finite amounts of the intensity noise, the angular 
change in eSL will not be as large as the IdBsL/dII function indicates. In addition, the intensity 
is greatest near BsL=O*. This makes the signal to noise ratio the greatest, decreasing the 
effect of the derivative. With these factors in mind, we see that the singularity ridge, in the 
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error surface, is approximately flat near eSL=O4 

Fig. 4-10.2D Specular error surface. R=30, H=20, V=80, N=90, L~102000 

We examine a cross section of the surface near S1=100. (This is the specular angle for 
V=80.) We can see more clearly that the error does in fact increase as eSL increases. The 
minimum error occurs at Os,,=88.S5 (OS,=11.45"), which is close to where the minimum 
was in the Id@,,/dII function. The maximum value of the cross section is approximately 1.3. 

Fig. 4-11. 2D Specular ermr surface cross section, 51=101.83. R=30, H=20. V=80. N=90, k 1 0 2 ~  

Next we examine an extended source with R=30 and H=lO. The width of the illuminating 
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of the extended source is 82.8". 
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Fig. 4-12. Extended light sourceintensity R=30, H=10 
9sr 

O.*O t 
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H=20 case, which is the same percentage that the minimum derivative values differ by. 

Fig. 4-14. 2D Specular error surface R=30, H=10, V=80, IG90, L=25500 

We examine a cross section of the surface near S1=100, (This is the specular angle for 
V=80.) The minimum error occurs at 0,,,=93.17 (OsU=6.S3"), which is close to where the 
minimum was in the Id0,,/dI function. The maximum value of the cross section is approxi- 
mately 1.8, which is 34% greater than the H=20 case. 

2.0 < 

Fig. 4- 15. 2D specular error surface cross section S 1=100.07. R=30. H=10, V=80. N=90. k25500 

Next we examine an extended source with R=30 and H=5. The width of the illuminating 
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of the extended source is 62.0" 

The IdBsL/dII function for this extended light source has a miaimurn at esL = 4.5", and is 
equal to 0.00067. This is 66% less than the H=20 case. The maximum value for this 
extended light source is 0.047. 

Fi 0.15 z 
$ m 

p 0.10 

Fig. 4-17. Derivative of extended light source intensity R=30, H=5 

The error surface shows that the error is smallest when we are close, but somewhat offset 
from the center of the extended light source. The error increases steadily as esL increases. 
The minimum error occurs when S1= 95.6" (t3sL,=4.40) and S2=103.3" (BSD=3.3"), and is 
equal to 0.086. The location of the minimum corresponds well with the location of the min- 
imum in the intensity derivative function. This error is approximately 66% less than the 
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H=20 case, which is the same percentage that the minimum derivative values differ by. 

Fig. 4-18. 2D specular enor surface R=30, H=5, V=80, N=$O. k6375 

We examine a cross section of the surface near S1=100. (This is the specular angle for 
V=80.) The minimum error occurs at &,-,=95.59 (8,,=4.41"), which is close to where the 
minimum was in the IdOsL/dII function. The maximum value of the cross section is approxi- 

Fig. 4-19. ZD specular ermr surface cross section S1=100.76. R=30, H=5, V=80, N-+, L 6 3 7 5  

Next we examine an extended source with R=30 and H=2.5. The width of the illuminating 
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region of the extended source is 45.2" 
255.0 
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O'%.O' '-60.0 '-30.0' l0:O ' 30.0 ' ' 6d.0 ' 9d.O 8 s ~  
Fig. 4-21. Derivative of extended light source intensity R=30. H=2.5 

The error surface shows that the error is smallest when we are close, but somewhat offset 
from the center of the extended light source. The error increases steadily as €IsL increases. 
The minimum error occurs when S1= 98.0' (BsL2=2.0") and S2=101.8" (esU=1.8'), and is 
equal to 0.046. The location of the minimum corresponds well with the location of the min- 
imum in the intensity derivative function. This error is approximately 82% less than the 
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H=20 case, which is the same percentage that the minimum derivative values differ by. 

Fig. 4-22.2D Specular Error Surface R=30, Hz2.5. V=80, N= r0. L1593.75 

We examine a cross section of the surface near S1=100. The minimum error occurs at 
0sGc,=101.79 (BSu=1.79"), which is close to where the minimum was in the IdBsL/dII func- 
tion. The maximum value of the cross section is approximately 2.5 on one side and approxi- 
mately 4.1 on the other side. 

5 @see* 
Fig. 4-23. 2D Specular e m r  surface m s s  section S1=99.9, R=30, H=2.5, V=80, K=90, L1593.75 

The simulations show that as the extended light source intensity function becomes narrower, 
the minimum error decreases. This is because the sides of the intensity function become 
steeper. In addition, the percentage of the error surface that has a large error increases. This 
is because the tails of the intensity function become flat at a less gradual rate, and because 
the percentage of the intensity function within the tail region increases. 
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4.5 Experiments 

Fig. 4-24. Experimental serup 

We conducted a series of experiments using a 16" diameter spherical diffuser. We positioned 
three 40watt, 16.5G, light bulbs around the photosampler. We performed two sets of experi- 
ments. The first experiment was the illumination of a polished aluminum plate. The plate 
measured 0.5" X 0.5". The second set of experiments was the illumination of a polished 0.5'' 
diameter stainless steel cylinder. Our camera was mounted so that O,=O". 

4.5.1 Extended Light Source Model 

Fig. 4-2.5. Nominal experimental setup 

We made refined models of the light source positions by illuminating a polished ball bearing 
with each light source. We then fitted our extended light source model to the image by using 
the Levenberg-Marquardt method p r e s s  901. 

L ( R + H )  coses , -R  
E =  

1.5 [ ( H + R  -RcosesL) + ( ~ s i n e ~ ~ ) Z ]  

%L = esGC - 20, 

We fitted the esCc, H, and L parameters. €IK is known from the dimensions of the ball bear- 
ing in the image. The following three figures show the measured intensities and the fitted 
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model. The model fit is generally very good. The error is greatest near the peak intensity. 

250.0 

200.0 

-1 
model intensit - 

- 

: 

I 

50.0 O.Po.0 i 20.0 30.0 40.0 50.0 ON 
Fig. 4-26. Measured and model intensity for SI. R=8,8,,p50.8, (IsGc=O, H=2.2, L=1047.1 

250.0 - model inten: 

200.0 

Fig. 4-27. 

1 O.Pi.0 ' ' ' . ' ' 20.0 ' ' ' 30.0 40.0 eN 
Measured and model intensity for S2. R=8 ,9 , ,~47 .2 ,  (ISGC=O, H=2.2, L888.5 
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4.5.2 Polished Aluminum Plate 

a b C 

Fig. 4-29. Images ofplate. a) S1. b) S2.  c )  S 3  

The first experiment was the illumination of a polished aluminum plate. Our sample mea- 
sured 0.5” X OS”, and we mounted it so that 8,=19.6”. The area of the plate subtends an 
angle of approximately 3.6” with respect to the camera lens, which is approximately 8” 
away. This causes the specular point on the extended light source to vary over the surface of 
the plate, producing an intensity gradient across the plate. In addition, due to polishing, the 
regions near the comers were not flat. In order to reduce these effects, we used only the cen- 
tral 50% of each image. So, the actual portion of the plate that we used was approximately 
0.25” X 0.25”. This area of the plate subtends an angle of approximately 1.8” with respect to 
the camera lens. So, we still have an intensity gradient across the plate. 

Even though there was intensity gradient across the plate, the intensities at the center of the 
plate were close to the planner’s prediction’s, for all three light sources. The least sensitive 
plans produced results that were very close to the planner’s predictions. The most sensitive 
plans were more sensitive to the intensity gradient across the plate. These results varied 
across the plate. At the center of the plate, where the intensities were close to the planner’s 
predictions, the orientation errors were close to the planner’s predictions. 

We averaged a 10x10 pixel region at the center of each image. The averages were within 
3.5% of the planner predictions. 

Measurement - 
Averaged Region Planner 

Light Source b d  
I s3 131.4 I 

The gradient across each surface depends on the slope of the intensity function near the 
nominal specular point. It also depends on the precise orientation of the plate. Nominally the 
plate, which is 3 dimensional, is aligned with the X N  axes of the light source/camera sys- 
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s2, s3 

tem. However, the intensity profiles indicate that the plate was in fact slightly misaligned. 

3.19 4.18 I 

a b C 

Fig. 4-30. Intensity surfaces. a) S1. b) SZ. c )  53 

The deviation between the planner’s prediction of error and the measured error is due to the 
difference between the planners intensity prediction and the measured intensity. Also, as the 
plan sensitivity increases, this deviation in intensity prediction will cause the discrepancy 
between the planner’s error prediction and the measurement to increase. As expected, the 
predictions of the least sensitive plan are closest to the measurements. The predictions of the 
most sensitive plan are farthest from the planner measurements. 

7- I Planner I Measurement I 
Light Sources 

0.46 

The least sensitive plan used S2 and S3. This surface is flat. As the planner’s sensitivity 
increases, the tilt of the error surface increases. 

a b 
Fig. 4-31. Error surfaces. a) S1, S2. b) S1, S3. c )  S2. S3 

C 

4.5.3 Polished Aluminum Cylinder 

Our second set of experiments was performed on a polished, 0.5” diameter, stainless steel 
cylinder. We illuminated the cylinder with the same sets of light sources that we used for the 
aluminum plate. The region of the cylinder that was illuminated by each light source varied. 
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For each combination of light sources, we used the region of the cylinder that was illumi- 
nated by both light sources, with an intensity greater than 5.0. 

a b 

C d 

Fig. 4-32. Cylinder images. a) cylinder outline. b) S1. c) SZ.  d) S3 

The following three figures show the planner and measured intensity surfaces for the three 
light sources. The intensity predictions are very close to the measurements. 

a b 
Fig. 4-33. Cylinder intensity surfaces for S1. a) plan b) measurement 
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a b 
Fig. 4-34. Cylinder intensity surfaces for S2. a) plan b) measurement 

20 

a b 
Fig. 4-35. Cylinder intensity surfaces for S3. a) plan b) measurement 

The following three figures show the planner and measured error surfaces for the three com- 
binations of light sources. The planner predictions are very close to the measurements. 
Around the peaks of the error surfaces, deviations between the planner and measurementS 
are due to the sampling granularity of the measurements. In addition, this part of the error 
surface is produced by the minimum intensity of the extended light source’s intensity distri- 
bution. 

a b 
Fig. 4-36. Cylinder error surface for SI.  S3. a) plan b) measurement 
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a b 
Fig. 4-37. Cylinder ermr surface for S 2 ,  S3. a) plan b) measurement 

a b 
Fig. 4-38. Cylinder error surface for S1. S Z .  a) plan b) measurement 

We plotted the mean surface orientation of the cylinder versus the nominal surface orienta- 
tion. The nominal surface orientation was based upon the dimensions of the cylinder in the 
image. For each nominal surface orientation, there are multiple measured points. The devia- 
tion from nominal surface orientation is proportional to the error in the ratio of the measured 
intensities. 

40.0 1 

3 ON nominal 
Fig. 4-39. Cylinder nominal versus measured mean surface orientation, S 1. S 3  
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Fig. 440. Cylinder nominal versus measured mean surface orientation. S2, S3 

35.0 

30.0 

- 

- 
2 a 

Fig. 441.  Cylinder nominal versus measured mean surface orientation, S1, S2 

4.6 Summary 
This chapter discussed the illumination of 2D specular spike surfaces. The error surfaces for 
the specular spike case are very different from the lambertian and rough diffuse error sur- 
faces. We showed that this is because of the shape of the extended light source intensity 
function. Our experiments validated the illumination planner. The next chapter discusses the 
illumination of specular lobe surfaces. 



Chapter 5 
Illumination of Specular Lobe Surfaces 

5.1 Introduction 
This chapter discusses the 2D illumination of specular lobe surfaces, surfaces that follow the 
lobe pari of the Torrance-Sparrow model. We discuss two problems. The first problem is the 
determination of surface orientation, in the presence of intensity noise, when the specular 
parameters are known. The second problem is the determination of the specular parameters, 
in the presence of intensity noise, when surface orientation is known. 

5.2 Specular Lobe Model 
The Torrance-Sparrow model [Torrance 671 is a geometrical optics model of reflection for 
rough surfaces. The model describes reflection for surfaces that exhibit a specular lobe. 
(Torrance and Sparrow added a lambertian component to the specular lobe to make their 
model more general. We neglect the lambertian component in this chapter.) 

Fig. 5-1. Geometry for Torrance-Spasrow model 

For a fixed incident light angle, and for a given material, the surface radiance is: 

F(ei’,q’) is the Fresnel reflectance coefficient. (ei’ is the local angle of incidence. q’ is the 
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complex index of refraction.) Since F is material dependent and can be approximated by a 
constant for certain ranges of illumination, we will be assuming that F is equal to unity. 
G(ei,e,@,) is the geometric attenuation factor. This accounts for masking and shadowing of 
one micro facet by adjacent micro facets. "c" is a constant which is proportional to surface 
roughness . 

With some notational simplifications, our specular lobe model becomes: 
G I = B-exp ( - K a 2 )  

cos er 

We call B the specular intensity, and K the specular sharpness. 

We use the following 2D global coordinate system for specifying the position of the viewer, 
normal and light sources. 

S 

X Fig. 5-2. d Sourcdviewer frame of reference 6" coordinate system 

Below are intensity surfaces for B=100, N=90, K=10 and B=100, N=90, K=20. The sur- 
faces show intensity as a function of source direction and viewing direction. . 

Fig. 5-3. Specularlobe intensity surface, K=10.0, B=IM), N=90. 
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As K increases, the specular lobe becomes narrower. 

Fig. 5-4. Specular lobe intensity surface, K=20.0, B=100, N=90. 

Below are 2D cross sections of these intensity surfaces for V=80°, V=50", and V=30". 
I I 

1.0 9% 
Fig. 5-5. Specular lobe intensity sulfate cross section. K=IO.O, B=100, N=YO. 
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5.3 Surface Orientation Calculation 
In order to determine surface orientation, we need to solve a system of specular lobe equa- 
tions. We can solve a system of specular lobe equations by forming a set of equations that 
express ratio's of intensities. The source and view directions in the world coordinate system 
are known. We want to solve for the normal's orientation. For our initial guess, we use the 
centroid of the source/view bisectors for the two light sources. 

I ,  =f(~sl.+s,,ew"ev+") 
i2 = mS2- os*, ew +w ev + J  

F ,  = 1,f(0s2, +sz. Oh" Qw Or @"I -qce , , ,  Ow 0, Or S") = 0 

The system is solved, iteratively, using the Newton-Raphson method. 

eN+,  = eN+mN 

gN is positive. If 8, becomes negative, we add n to 
between -2% and 2%. 

and make Os positive. We keep 

5.4 2D Specular Lobe Error Surfaces 
We performed 2D simulations to determine the sensitivity of specular lobe surface orienta- 
tion to intensity noise. For the simulations that follow our 2D normal is located at N=90". 
We move two light sources between OD and 180'. At each light source combination, we cal- 
culate the nominal intensity of the normal for both light sources. Then we create a noisy 
intensity using our intensity noise function for both light sources. We calculate N using the 
two noisy intensity values. We repeat this loo0 times and calculate the standard deviation of 
the angular orientation error. Our total error is equal to three sigma. We include source posi- 
tions that produce an intensity greater than 5. For source positions with an intensity less than 
5 ,  we set the error to zero, for plotting purposes. 

The shape of the angular orientation error surface is related to the magnitude of the deriva- 
tive of the specular lobe intensity function. We calculated the derivative by calculating the 
change in intensity for a small change in surface orientation (de,= 0.0001 radians). 

First, we look at error surfaces for a specular lobe having K=10 and B=100. We consider 
three viewing directions, 30°, 50", and 80". N=W" in all cases. The IdO,/dII function shows 
that the derivative will be great when we are at the center of the specular lobe. The deriva- 
tive quickly decreases to a minimum, and then steadily increases as we move away from the 
specular lobe peak. The magnitude of the central derivative peak is not significant since the 
derivative becomes unbounded at this point. The derivative for V= 30" has a minimum at 
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Fig. 5-7. IDerivativel of specularlobe intensity, K=lO, B=100. V=30. N=90. 

The error surface for K=10, B=100, and V=30 has a minimum at S1=170 and S2=125, and 
is equal to 0.50. This location of the minimum corresponds well with the location of the 
minima in the intensitv derivative function. 

Fig. 5-8. Specular lobe error surface, K=lO, B=100, V S O ,  N=90 

We do not see a peak in the error surface corresponding to the central derivative peak of the 
ldE++/dI function. The central derivative peak occurs at the singularity of the intensity pro- 
file, Bs=1500. The derivative quickly decreases as Bs increases. If we look at the intensity 
function around 05=1500, we can see that for finite amounts of the intensity noise, the angu- 
lar change in eN will not be anywhere near as large as the Id%./dIl function indicates. In 
addition, the intensity is greatest near BS=l5O0. This makes the signal to noise ratio the 
greatest, decreasing the effect of the derivative. With these factors in mind, we see that the 
singularity ridge is approximately flat near Os=150". 

We examine a cross section of the error surface for a light source at 9,,=150. (This is the 
specular angle for V=30.) We see more clearly that the error increases as the light source 
moves away from the specular angle. The cross section is in good agreement with the deriv- 
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ative curve. The cross section has a minimum at 0,,=120 and is equal to 0.764. 

. 
040.0 100.0 120.0 140.0 1m.o 1 1.0 €Is2 

Fig. 5-9. Specularlobe error surface c m s s  section. S1= 150, K=10, B=100. V=30. N=90. 

Next, we look at the error surface for K=10, B=100, and V=50. The Id€I,/dIl function has 
minima at 9,=104.5 and 8,=155.5. At both minima, the derivative is equal to 0.0028. This is 
53% greater than the V=30 case. 

0.25 

Fig. 5-10. IDenvativel of specular lobe intensity, K=10, B=100, V=50, N=90. 

The error surface for B=100, K=10, and V=50, has a minimum at gS,=16O and 9,,=105, and 
is equal to 0.6912. This location of the minimum corresponds well with the location of the 
minima in the intensity derivative function The error is approximately 38% greater than the 
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V=30 case. 

Fig. 5-11. Specular lobe error surface, K=10, B=100, V=50, N=90. 

The error surface cross section is for a light source at 0,,=130. (This is the specular angle for 
V=50.) The minimum, which occur at 9,,=95.0 and at 9,,=160.0, are equal to 1.14, which is 
49% greater than the V=30 case. 

5.0 

4.0 

s t: 3.0 

2.0 

1 .o 

0 

Fig. 5-12. Specular lobe ermr surface cross section, SI= 130, K=10, B=100, V=50, N=90 

Next, we examine K=10, B=100, and V=80. The IdB,/dlI function has minima at 0,=126.0 
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The error surface has a minimum at 8,,=130 and 8,,=70. It is equal to 0.844, which is 69% 
greater than the V=30 case. This location of the minimum corresponds well with the loca- 
tion of the minima in the intensity derivative function. 

Fig. 5-14.'Specular lobe error surface, K=lO, B=100, V=80, N=90 

The error surface cross section is for a light source at Os,=lOO.O. (This is the specular angle 
for V=80.) It has a minimum at 9,,=70.0 which is equal to 1.348. This is 76% greater than 
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the V=30 case. A near minimum occurs at Bsz= 135.0, and is equal to 1.401. 

i0b.o ' izo.0 1-41.0 ' 160.0 esz 
Fig. 5-15. Specular lobe error surface cross section, SI= 100, K=10. B=100, V=80, N=90 

The error surfaces show that as the extant angle decreases, the minimum error increases. 
This is because the steepness of the sides of the intensity function, where the minimum error 
occurs, decreases. This increases the minimum of the IdBN/dll function. 

Next, we look at the K=20.0 case. The first case we look at is for K=20, B=100, and V=30. 
The IdBN/dII function has minima at 9,=132.0 and 9,=168.0. The minima are equal to 
0.00 1 3. 
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Fig. 5-16. IDerivativel of specularlobe intensity, K=20, B=100. V=30, N=90. 

The error surface has a minimum at OS,=130 and 9,,=170. The minimum is equal to 0.345. 
This location of the minimum corresponds well with the location of the minima in the inten- 
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sity derivative function 

Fig. 5-17. Specular lobe ermr surface, K=ZO, B=100, V=30, N=90. 

The cross section is for a light source at 0,,=150. (This is the specular angle for V=30.) It 
has a minimum at €lS2=130, and is equal to 0.538. A near minimum occurs at Os2=170.O and 
is equal to 0.549. 

1.0 esz 
Fig. 5-18. Specular lobe ermr surface cross section, S1= 150, K=20, B=100. V=30. N=90 

Next, we look at the case where K=20, B=100, and V=50. The IdB,/dII function has minima 
at 8~=112.0 and 8,=148.0. Both minima are equal to 0.002, which is 53% greater than the 



page 117 

0.25 

- 0.20 
2 

0.15 z 

e 

z 

V=30 case. 

- 

- 

- 

'I 

The error surface has a minimum at 9,,=110 and gS2=150. The minimum is equal to 0.48, 
which is 39% greater than the V=30 case. This location of the minimum corresponds well 
with the location of the minima in the intensity derivative function. 

Fig. 5-20; Specular lobe error surface, K=20, B=100. V=50, N=90. 

The error surface cross section is for a light source at BSl= 130. (This is the specular angle 
for V=50.) The minimum occurs at eS2= 105.0 and is equal to 0.777, which is 44% greater 
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than the V=30 case. A near minimum occurs at Os2=15O.0 and is equal to 0.812, 

3'01 i 

e52 
Fig. 5-21. Specular lobe error surface crass section, SI= 130. K=20. B=100, V=50, N=90 

The last case we look at is for K=20, B=100, and V=80. The IdO,/CUl function has minima at 
8,=82.0 and 9,=118.0. Both minima are equal to 0.0026, which is 97% seater  than the 
V=30 case. 

Fig. 5-22. Derivative1 of specular lobe intensity, K=20, B=100, V=80. N=90. 

The error surface has a minimum at 8,,=120 and eS2=8O. The minimum is equal to 0.590, 
which is 71% greater than the V=30 case. This location of the minimum corresponds well 
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with the location of the minima in the intensity derivative function 

5.5 Estimation of B and K 
Next, we examine the problem where we know 2D surface orientation, we would like to 
recover the specular intensity, B, and the specular sharpness, K. We try to estimate B and K 
using only two intensity measurements. If we take more measurements, our estimation of B 
and K will become more robust. However, two measurements is the minimum number 
required, and this problem formulation allows us to visualize how our parameter estimation 
varies as a function of light source positions. We try to maximize parameter estimation with 
respect to intensity noise. 
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In order to develop an intuition for what the sensitivity of the specular lobe parameter esti- 
mation is with respect to intensity noise, we will make some further simplifications to our 
model for this introductory example. We will assume that G is equivalent to unity and that 
the viewing direction is fixed. With these simplifications our model becomes: 

f = B’exp ( - K a 2 )  

If we let B’= 100 and K = .01, we get these plots for I and dWdI. 

Fig. 5-25. Intensity Plot (B’=100, K=O.Ol) and dWdI plot 

We see that our estimate of K is very bad if we are very close to peak or near the tails. This 
makes intuitive sense. We can’t estimate the width of the gaussian from just the peak value. 
There can be many gaussian distributions going through the same peak. The same can be 
said about the tails. In order to estimate the width of the function we need data along the 
sides. The minimum error would occur when 1/K = ci2. 

We can analytically express dB/d 
1 - -  

d l  e x p ( - K a 2 )  

This has a minimum when a = 0, when we are at the peak. This also makes intuitive sense. 
If we want to estimate the magnitude of the gaussian, we need to measure at the peak. 

From this simple example, we can expect that our estimate of B will be best when at least 
one of our light sources is near the peak intensity. Our estimate of K will be best when at 
least one of our light sources is along the side of the intensity distribution. We will see that 
having both light sources on the sides does not constrain the solution as well as having one 
light source near the peak and one light source along the side. This is because the extracted 
value of K is dependent on both the height and width of the distribution. 

5.6 2D B and K Error Surfaces 
We performed a series of 2D simulations using our intensity noise function to see how the 
estimate of B and K varied as function of light source position. We solved for B and K using 
the Levenberg-Marquardt [press 901 method. 
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For the simulations that follow OUT 2 0  normal is at 90". We move two light sources between 
0" and 180'. At each light source combination, we calculate the nominal intensity of the 
normal for both light sources. Then we create a noisy intensity using our intensity noise 
function for both light sources. We estimate B and K using the two noisy intensity values. 
We repeat this 200 times and calculate the mean error in the estimate of B and K. We include 
source positions that produce an intensity greater than 10. For source positions with an 
intensity less than 10, we set the error to zero, for plotting purposes. 

We note that with two points, the fit is not very stable, especially in places where the light 
sources are close together, and the system is close to singularity, At these places the system 
is not well conditioned, and noise can cause large changes in out parameter estimates. So, 
the variance of the parameter estimates are large. This variance is less when the system is 
well conditioned, and is greater when the system is ill conditioned. Of course, the fit will 
become more stable as more light sources are used to make the estimation. 

First we look at surfaces for K = 10, B=100, and V=80. The B error surface has a minimum 
when at least one light source is close to the peak. When the light sources are close together 
(SI = S2), the error becomes large. This is one of the spines of the error surface. The second 
spine of the error surface occurs when alpha is the same for both light sources. This pro- 
duces a singular system because the intensity of the normal will be the same for both light 
sonrces, even though they are at different locations. The location of the viewer will deter- 
mine the specular angle and will therefore determine when this condition will occur. Differ- 
ent viewing directions will cause a displacement of the second spine, while the S1 = 52 
spine will always be stationary. The minimum error occurs when SI = 100" and 52 = ]lo", 
and is equal to 1.06. (In the B and K error surfaces plots that follow, each figure contains 
two plots of the same surface using different scale factors for the Z axis.) 

Fig. 5-26. B ermr surface. B=100, K=10, V=80°, N-9'. &=15, B e l  10. 

The K error surface has a minimum when the one light source is near the peak of the inten- 
sity function and one light source is along the side of the intensity function. This is because 
the extracted value of K is dependent on both the height and width of the distribution. Again 
we see the two spines for SI = 52 and when alpha is the same for both light sources. The 
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minimum error occurs when S I  = 60" and S2 = I( O, and is equal to .26. 

Fig. 5-27. K error surface. B=100, K=lO. V=80°, N=90', %=15, BO=llO. 

Changing the starting point of the fitting process does not alter the surface appreciably. The 
first two error surfaces had starting points of K, = 15, Bo = 110. We change the starting 
point to K, = 20, Bo = 80. The minimum error of the B error surface occurs at S1=  100" and 
S 2  = 110", and is equal to 1.06. This is the same as for the initial condition K, = 15, Bo = 
110. 

Fig. 5-28. B ermr surface. B=100. K=10, V=80°, N-9'. N=90°, +20 . B 0- -80 . 

The minimum error of the K error surface occurs when S1 = 60" and S2 = loo", and is equal 
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to 2 6 .  This is the same as the initial condition Bo = 110, K,, = 15. 

Fig. 5-29. K e m r  surface. B=100. K=10, V=80°, N=90°, K,,=20,Bo=80 

Next we generated a new set of error surfaces for K = 20, B=100, and V=SO. The B error 
surface has a minimum error when S1 = 70" and 52 = 100". and is equal to 1.07. This mini- 
mum is approximately the same as the K= 10, V=SO, case. 

. -. . 

Fig. 5-30. B emr surface. B=100. K=20, V=80°, N=90°, +25, Bo=llO. 

The K error surface has a minimum error when SI = 105" and S 2  = 70". and is equal to 0.53. 
This error is approximately double the K error for K = 10, V=80. When the gaussian is nar- 
rower, the same amount of intensity noise will cause a greater change in the width of the 
gaussian. 

Fig. 5-31. K e& surface. B=100, K=20. V=80°. N=9Oo. IGy25, Bo=llO. 
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The next set of simulations used a viewing angle of 50". First we look at K = 10, B=100, and 
V=50. The minimum for the B error surface occurs when S1 = 128" and S2 = 9S0, and is 
equal to 0.859. The minimum error is about 19% less than the K=10, V=80" case. The peak 
intensity of the V=50" case is about 30% more than the K=10, V=80" case. This will give a 
better signal to noise ratio and will decrease the amount of error. r- .  . 

. . , -. . 

Fig. 5-32. B error surface. B=100, K=10. V=50°. N-*', I<o=l5, B,=llO 

The minimum error of the K error surface occurs when S1 = 128" and S2 = 88", and is equal 
to 0.201. The minimum error is about 23% less than the K=10, V=80" case. As the extant 
angle increases, the minimum error decreases. This is because the steepness of the sides of 
the intensity function, where the minimum error occurs, increases. This decreases the value 
of the minimum of the dWdl function. 

Fig. 5-33. K error surface. B=100, K=10, =50°, N=90°. -15, B e l l o .  

Next, we look at K = 20, B=100, and V=50. The minimum error of the B error surface 
occurs when S1 = 130" and S2 = 120", and is equal to 0.830. The minimum error is about 
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% less than the K=20, V=80" case. 

., 'P\ 

Fig. 5-34. B ermr surface. B=100, K=20. 

The minimum error of the K error surface occurs when S1 = 130" and 52 = loo", and is 
equal to 0.424. The minimum error is about 20% less than the K=20, V=80° case, and is 
about double the K=10. V=50 case. 

i I ,/- 

Fig. 5-35. K error surface. B=100, K=20. 
=50°, N=90°, K,-=25, B e l l o .  -0 

The next set of simulations used a viewing angle of V=30". First we look at K = 10, B=100, 
and V=30. The minimum error of the B error surface occurs when S1 = 155" and S2 = 95", 
and is equal to 0.55. The minimum error is about 48% less than the K=10, V=80° case. The 
peak intensity of the V=30° case is about 200% more than the K=10, V=80° case. This will 
give a better signal to noise ratio and will decrease the amount of error. 

Fig. 5-36. Berm& surface. B=lW. 
v 

, K=IO, V=3Oo, N=90°. K,-=15, B e l  10. O 
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The minimum error of the K error surface occurs when S1 = 145" and S 2  = l O Y ,  and is 
equal to 0.143. The minimum error is about 45% less than the K=IO. V=80" case. 

Fig. 5-37. K error surface. B=100, K=lO, V 

The K=20, B=100, V=30" simulation did not produce a smooth error surface. The intensity 
lobe is so narrow that we can never get very far from singularity. So, even though the lobe's 
intensity is greater than the K=2O, V=80° case, the errors are approximately the same mag- 
nitude. The minimum error for the B error surface occurs when S1 = 140" and S2 = 145", 
and is equal to 1.16. The minimum error is about 9% more than the K=20, V=80" case. 

Fig. 5-38. B ermr surfare. B=100, K=20, V=30°, N=90°, -25. Bo=l10 

The minimum error occurs for the K error surface occurs when SI = 140" and S2 = 1 IO", 
and is equal to 0.445. The minimum error is about 16% less than the K=20, V=80° case. 

Fig. 5-39. K error surface. B=100, K=20, V=30°, N=90°. -25, B,,=l10. 
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In order to gain some insight into how the surface normal orientation uncertainty would 
effect the B and K estimation, we did an additional set of simulations. In this set of simula- 
tions the orientation of N has an uncertainty. 

8. = Ni%,oce,,) 

We performed simulations for a(€),) equal to lo, 2", and 3", for the K=10, B=100, V=SO" 
case. The first set of simulations is for ~(6,) = 1". The minimum error of the B error surface 
occurs when S 1 =  150" and S2 = loo", and is equal to 1.14. This error is approximately 8% 

eater than the no noise case 
h 

Fig. 5-40. B error surface. B=100, K=10. V=80°, N=90°, &=15, B0=110. o(I3,) = 1'. 

The minimum error of the K error surface occurs when S1 = 45" and S2 = 95'. and is equal 
to .63. This error is approximately 142% greater than the no noise case. 

I I Fig. 541. K error surface. B=100, K=10, V=80°. N=90°, e 1 5  Bo=110, o(e,) = 1'. 

The second set of simulations is for a(0,) = 2". The minimum error of the B error surface 
occurs when S1 = 100" and S2 = 60", and is equal to 1.74. This error is approximately 64% 
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greater than the no noise case. 

Fig. 5-42. B error surface. B=100, K=10. V=80°, N-+'. -15, B ~ 1 1 0 ,  cr(I3,) = 2'. 

The minimum error of the K error surface occurs when S1 = 45' and S2 = 95". and is eoual 
to 1.13. This error is approximately 335% greater than the no noise case. 

- 
Fig. 5-43. Kerror surface. B=100, K=10, V=80' Y=90°, +15, B e l l o ,  O(%) :Zo 

The third set of simulations is for o(eJ = 3". The minimum error of the B error surface 
occurs when S1= 45" and S2 = lOO", and is equal to 2.98. This error is approximately 181% 
greater than the no noise case. 

I 
Fig. 5-44. B error surface. B=100, K=lO, V=80°. N=90°, %=15. B,=110, o(0,) = 3 O .  

The minimum error of the K error surface occurs when S1 = 45" and S2 = 95", and is equal 
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to 1.69. This error is approximately 550% greater than the no noise case. 

Fig. 5 4 5 .  K error surface. B=100, K=lO, V=80°, N=90°, &=15, BO=l 10. o(0,) = 3 O .  

Both B and K are sensitive to perturbation in 9". As cs(e,) increases, the minimum ermr in 
both parameters increases. However, K is much more sensitive to these perturbations. 

5.7 Summary 
This chapter discussed the illumination of 2D specular lobe surfaces. We discussed the esti- 
mation of surface orientation, in the presence of intensity noise, when B and K were known. 
We also discussed the estimation of B and K, in the presence of intensity noise, when SUI- 

face orientation was known. Finally, we discussed the effect of surface orientation uncer- 
tainty on the estimation of B and K. In the next chapter we discuss the illumination of hybrid 
surfaces. These surfaces contain a specular lobe in addition to a lambertian component. 
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Chapter 6 
Illumination of Hybrid Surfaces 

6.1 Introduction 
This chapter discusses the illumination of hybrid surfaces, surfaces that include both the 
specular lobe and lambertian components of the Torrance-Sparrow model. We use a method 
called “four light photometric stereo”. The four light photometric stereo method describes 
constraints on light source placement that allow the shape, specular intensity, and specular 
sharpness of a hybrid object to be measured, and the method also describes how to use the 
intensity noise function of the carnerddigitizer to segment pixels into specular and nonspec- 
ular pixels. Unlike previous chapters, we do not explore a systematic way of achieving 
appropriate light source positions. We concentrate on how appropriate light source positions 
can allow us to determine shape, specular intensity, and specular sharpness. By specifying 
the correct constraints on light source placement we can increase the amount of information 
that is available to us. 

Conceptually, the problem we are solving has three parts: shape extraction, pixel segmenta- 
tion, and specular intensity/specular sharpness extraction. The shape information is pro- 
duced directly by three light and four light photometric stereo methods. After we have shape 
information, we can apply different techniques to determine which pixels are specular and 
which are nonspecular. Then, we can use the specular pixels and shape information, in con- 
jugation with a simplified Torrance-Sparrow reflectance model, to determine the specular 
intensity and specular sharpness. 

6.2 Shape and Segmentation using Four Light 
Photometric Stereo 
The set of surface orientations that a light source can illuminate can be represented using the 
gaussian sphere, which we use to represent the set of all possible surface orientations. The 
set of surface orientations that are visible to a light source will be one half of the gaussian 
sphere. The set of surface orientations that are visible to a camera is another half of the gaus- 
sian sphere. (In our coordinate system, the viewing axis is always along the +Z axis.) The 

Portions reprinted with permission from IEEE Tmnsaciions on Punem Analysis and Muchine Intelligence, 
Val. 18, No. 4, pp. 449-454. 0 1996 IEEE. 
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set of surface orientations that are both illuminated and visible will be the intersection of the 
visible half of the gaussian sphere with the illuminated half of the gaussian sphere. We rep- 
resent the “visible and illuminated” part of the gaussian sphere by showing the visible half 
of the gaussian sphere and a shadow line for each light source which indicates which part of 
the visible sphere is J, illuminated. camera 

~~ *Or 

Gaussian Sphere 
(visible halo 

Light 

Illuminated Shadow 
Region Region 

Fig. 6-1. a) Illuminated gaussian sphere b) illuminated and visible gaussian sphere 

We can illuminate an object with four, appropriately spaced, light sources to produce three 
types of illumination regions: regions illuminated by all four light sources, regions illumi- 
nated by three light sources, and regions illuminated by only two light sources. 

fight 2 

- Gaussian Sphere 
6 2 7  J 

* ight 4 

Fig. 6-2. Illumination regions 

Region 1 is illuminated by all four light sources. Regions 2, 3, 4, and 5 are illuminated by 
three light sources. Regions 6 ,  7, 8, and 9 are illuminated by two light sources. The region 
boundaries are formed by the shadow lines of each light source. The size and shape of each 
region is dependent on the positions of the light sources. It is important to note that an object 
does not have to have all three types of regions in order to apply these methods. 

Different information is available in each of the three categories of regions. Therefore, we 
use different techniques for determining surface shape and for performing pixel segmenta- 
tion in each region. 
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6.2.1 Assumptions 

We assume that the specular lobes produced by the light sources do not intersect. The 
amount of light source separation needed to achieve this depends on specular sharpness. We 
assume that the reflectance properties, diffuse albedo, and specular albedo are constant over 
the surface of the object. There is no interreflection. We restrict the illumination angle to be 
less than 40 degrees and the viewing angle to be less than 80 degrees. These angular restric- 
tions allow us to use a simplified form of the Torrance-Sparrow model, and is explained 
later in the paper. Light source directions are known without any uncertainty, and we assume 
parallel incident light. The four light illuminated region has no other requirements. The 
three light illuminated region requires lambertian illumination from at least two light 
sources. The third light source can be either lambertian or specular. The region must be in 
the shadow of the fourth light source. The two light illuminated region must have lambertian 
illumination from two light sources, and the region must be in the shadow of the third and 
fourth light sources. In order to have information to fit to the specular lobe parameters, we 
require that there is a specularity, and that the specularity extends over a range of surface 
orientations. 

6.2.2 Shape and Segmentation in the Four Light Region 

Coleman and Jain [Coleman 821 proposed using four lights to determine the shape of sur- 
faces that were nonlambertian. The method is only valid in regions illuminated by all four 
light sources, the region labeled 1. They proposed to calculate four albedo values based on 
the four possible combinations of three light sources. For a perfectly lambertian surface, the 
four albedos would be identical. But, for surfaces that exhibit some specularity, this is not 
the case. If we assume that the specular lobes of each light source do not intersect, then a 
specularity in one light source will cause the three albedos that use that light source to be 
high, while the albedo that does not use the light source will be low. Given four intensity 
values, (11,12,13,14), and four light source directions, (Sl, S2, S3,S4), we can define four 
albedos, (Ra, Rb, Rc, Rd), as follows: 

Slx Slv  s l j  ["'" s2y 1" S 3 y  r" s4y 
Sa = S 2 X  s2y S2r Sb = s3x  s3y s 3 i  Sc = s4x s 4 y  s4z Sd = S I X  S l y  Slz 

Slx S l y  S l z  s2x szv s2z S 3 X  s3y s32 s4x s 4 y  s4z  

Ia = [j Ib = [I Id = 

112 

RU = I(Sa)-'Ial 

Rb = 1 (Sb)-'Ibl 

Rc = 1 (Sc)-'Icl 

Rd = I(Sd)-lIdl 
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(SIX, Sly, and S l z  are the x, y, and z components of the unit vector to light source number 
one) 

If I1 is specular, Ra, Rc, and Rd will be elevated above their lambertian levels. Rb will be 
equal to the lambertian albedo, since 12,13, and I4 are not specular (Our assumption is that 
for each image point, at most one light source will be specular.). 

Therefore, we can identify the nonspecular light sources, by using the four albedos, and we 
can use these nonspecular light sources to produce a valid surface normal. In the above 
example, we would determine that Rb is the minimum albedo, and then use I2,13, and I4 to 
determine the surface normal. Since the surface is lambertian, the surface normal is equal to: 

-1 r 1 

However, due to image noise, the four albedos will never be exactly equal. We need to 
establish a threshold to determine when the differences in albedo indicate a specularity, and 
when they are just due to random events. Coleman and Jain define albedo deviation, Rdev: 

z = 4 6, e , d  

If Rdev > Rt, they classify the pixel as specular, otherwise it is lambertian. Rt is a manually 
selected threshold. The use of an arbitrarily selected threshold makes this classification 
scheme ad hoc. 

We propose a better classification scheme which would use the variance of the camera's 
intensity response to determine a statistically meaningful threshold. If 0: is the camera's 
intensity variance measured at a particular pixel, then we can establish a specular threshold 
based on a +/-30 distribution [Bevington 691. We assume that the light source directions are 
known without any uncertainty. Then, in the case where R1 is the maximum albedo and R2 
is the rmnimum albedo, we can define Rdev as: 

Rdev = R1 - R 2  

If Rdev is greater than the specular threshold, one of the light sources is specular. 

We can determine an accurate surface normal if a pixel is specular, by using the light 
sources from the minimum albedo to determine the surface normal. If a pixel is not specular, 
we can use any of the three light sources to determine the surface normal. 

6.2.2.1 Specular Threshold in Four Light Illuminated Region 

A pixel is specular if Rdev is greater than the specular threshold: 
a 2  a a i ( d R 1  t-R2)?0; a w e u > 6  ( - R I + - R ~  a O : + ~ = R I + ~ R ~ )  o ; + ( m ~ ~ + - ~ 2  0 + a a n  a14 a14 J ail ari 

If an albedo does not use a particular light source, the terms involving its partial derivatives 
simply go to zero. The partial derivatives are not complex, and exact expressions can easily 
be derived. This threshold defines a 60 separation between R1 and R2. 
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6.2.3 Shape and Segmentation in the Three Light Region 

It is possible to determine shape and to perform segmentation in the three light illuminated 
region. In Fig. 6-3. , the region labeled 3 is illuminated by light sources 2, 3,  and 4. Its bor- 
ders are formed by the shadow lines of light sources 1,4, and 2. We will assume that illumi- 
nation by light sources 2 and 4 will be lambertian in region 3. Illumination by light source 3 
may be specular or lambertian. Region 3 will be in the shadow of light source 1.  

Shadow line for light source 4 Light 2 h ow line or 
i&i$so"rce f 

Light 1 Light 3 

Gaussian Sphere 

Shadow line for light source 2 

Fig. 6-3. Three light illuminated region 

Under these assumptions, we can determine an accurate surface normal using light source 2, 
light source 4, and the shadow line of light source 1. We do not use light source 3 because it 
may be specular. We can write three equations, in three unknowns: 

'2 = S2xNx + S2yNy + S2zNz 
P 

S4xNx + S4yNy + S 4 i N r  '4 - =  
P 
(Nx) + (Ny)  * + ( N z )  = 1 

The albedo, p, the light source directions S2 and S4, and the image intensities 12 and I4 are 
known. The albedo is calculated form the albedos of the lambertian pixels within a 10x10 
pixel area within the four light illuminated region. The surface normal is by definition a unit 
vector. 

This set of three equations has two sets of solutions. If we define the following intermediate 
variables: 

I 4  h = -  s4v d = -  s4x c =  - s 2 y  12 b = -  g = -  s2x a = -  
s2z s 2 i  ps2z S4z S4z ps4: 

- g + h  
c - a  

e = -  f = -  d - b  
c - a  

A = f L a 2 + f 2 - 2 a b f + b 2 + 1  

B = 2 a g f -  Zefa2 - 2ef + 2abe  - 2bg 

c = - 2 a g e + a 2 e 2 + $ + g 2 - 1  
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The two sets of surface normal solutions are: 

N x l  = e - j N y l  Nx2  = e - f l ? ,  

N i ,  = g - a N x ,  - bN?, N z l  = g - a N x , - b N y ,  

The proper solution can be selected by using the boundary condition of light source one’s 
shadow line. On the shadow line of light source 1,  the following equation holds: 

S l x N x + S l y N y + S l z N z  = 0 

In region number 3, 

So we can select the proper solution by seeing if this condition holds for each solution. (It is 
possible that due to degenerate positioning of light sources 1,2,  and 4, that both surface nor- 
mals are on the same side of light source one’s shadow line. We do not consider this case.) 

6.2.3.1 Threshold for Selecting Proper Surface Normal Solution 

Selecting the proper solution becomes more complex in the presence of intensity noise, 
which causes uncertainty in the normals, and uncertainty in the location of the shadow line. 
We assume that the light source directions are known without any uncertainty. The intensity 
values and the albedo have variances. Based on these variances, we can express the uncer- 
tainty of the surface normals. We will continue using the example above. The light source 
variances are 02n and a2,4. The albedo variance is &p. The uncertainty of the surface nor- 
mals is: 

S l x N x  + S l y N y  + S l z N z  < 0 

A similar set of expressions can be derived for the variances of the second set of surface nor- 
mals. (The partial derivatives of these expressions are very complex. Therefore, the partial 
derivatives are approximated with a discrete partial derivative,) Using this set of variances 
we can decide whether a pixel is on the correct side of the shadow line. For a pixel to confi- 
dently be in region number 3, the following relation must hold for its surface normal: 

S l x N x ]  +SlyA’yI + S l z N z I  c 3 p N I ,  ( S l ~ ) ~ + d ~ , ,  ( S l y ) 2 + 0 2 N z ,  (Slz), 

This expression expresses with a 3 0  confidence that the surface normal solution is in the 
three light illuminated region, region number 3. We will have a similar expression for Nx,, 
Nyz, Nz,. It is possible that we cannot confidently say that either set of surface normals is in 
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region number 3. (This expression is false for both sets of surface normals.) These pixels are 
flagged with a special classification. 

At this point, we have derived how to confidently determine surface normals for the three 
light illuminated region. We also need to classify pixels as specular or lambertian. 

6.2.3.2 Specular classification of Pixels in the Three Light Illuminated Region 

In order to classify a pixel as specular, we can determine whether its measured brightness, 
with respect to a given light source, is larger than its predicted lambertian brightness for the 
same light source. We can determine the predicted lambertian brightness of a pixel in the 
three light illuminated region by using the surface normal derived in the preceding section, 
the source directions (which are known), and the lambertian albedo. Using the example of 
the preceding section, we want to determine if the measured brightness due to light source 
three is greater than it5 lambertian brightness. If the derived normal vector for the pixel 
under consideration is (Nx, Ny, Nz), and the measured brightness of the pixel due to light 
source three is 13, then the pixel is specular if: 

13 > p (S3xN.x + S 3 y N y  + S 3 z N z )  

We need to consider the uncertainty of 13, p, Nx, Ny, and Nz. The uncertainty of the pre- 
dicted lambertian brighmess, Ilam, is 0211m. 

Ilam = p (S3xN.x + S 3 y N y  + S 3 z N z )  

If 02,) is the uncertainty of the measured brighmess, then we can say that the pixel is specu- 
lar, assuming a 3 0  distribution, if: 

M - l l a m > 6 J -  

6.2.3.3 Jmaginary Surface Normal Solutions in Three Light Region 

It is possible that the surface normal solutions in the three light illuminated region will be 
imaginary. This can happen when one pixel is brighter than a lambertian pixel could be. This 
could be caused by interreflection or an unexpected specularity. It can also occur if there is 
an error in the lambertian albedo, p. The existence of an imaginary solution can be under- 
stood with the following description. The solution to the set of surface normal equations 
corresponds to finding the points on a lambertian gaussian sphere that are the intersections 
of two isobright contours. One isobright contour is caused by S 2 ,  and has intensity 12. The 
other isobright contour is produced by S4, and has intensity 14. If we imagine that we are 
illuminating a gaussian sphere (which contains all surface normals), these two isobright 
contours will be two circles. The two circles will in general intersect in at most two places. 
These two intersection points correspond to the two real solutions to the surface normal 
equations. However, if one circle gets smaller (which corresponds to the pixel getting 
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brighter, as might be caused by interreflection), at some point the isobright contours will fail 
to intersect. When the contours fail to intersect, the solutions to the surface normal equations 
will become imaginary. 

6.2.4 Shape and Segmentation in the Two Light Region 

It is possible to determine the surface normal in the region illuminated by only two lights. 
We will assume that light sources 2 and 3 produce lambertian illumination in region 7. 
Region 7 is in the shadow of light sources 1 and 4. 

Shadow line for light some 4 Light 2 
\ 

\ \ 

‘ I ’  
Light 3 

k ... Gaussian Sphere h dow line for/ / 
Zgit source \I/ 

*Light 4 

Fig. 6-4. Two light illuminated region. 

We can write the following set of equations: 
I2 - = S ~ X N X  + S2yNy + S ~ Z N Z  
P 

‘3 = S3xNx+ S 3 y N y  + S3rNL 
P 
(Nx)’+ (Ny)’+ (Nz)’= 1 

The equations will yield two sets of surface normal solutions, and can be solved using the 
methods of the three light illuminated region. 

The proper solution can be selected by using the boundary condition for light source one’s 
shadow line, and the boundary condition for light source four’s shadow line. In region num- 
ber I ,  

SlxNx + SlyNy + SlzNz < 0 A S4xNx + S4yNy + S4zNz < 0 

6.2.4.1 Threshold for Selecting Proper Surface Normal Solution 

If we consider the uncertainty due to intensity noise, the following two relations must hold: 

S 1 xNx, + SlyNyl + SlzNz, < 3 p a 2 , ,  (Slx) + ozN (Sly) + (SI L )  

S4xNxl + S4yNyl + S4zNz, < 3Jrn2,, (S4x) + 02Ny, (S4y) + csZNr, (S45) 

where (Nx,,Ny,Nz,) is one of the surface normal solutions. A similar set of equations hold 

Y i  



page 139 

for the second set of surface normal solutions. The surface normal variances are calculated 
using the expressions derived for the three light illuminated region. 

6.2.4.2 Specular Classification of Pixels in the Two Light Illuminated Region 

There is not enough information available to confidently classify pixels as specular in the 
two light illuminated region. If our assumption, that light source one and light source four 
produce lambertian illumination, is broken, the surface normal solutions may become imag- 
inary. If the lambertian albedo is correct, and there are no interreflections, then the existence 
of imaginary surface normal solutions indicates a specularity in one of the two light sources. 
Pixels may not be sufficiently specular to cause the surface normal solutions to become 
imaginary. In this case, the surface normal solutions will be erroneous, and it will be not be 
possible to detect the condition. 

6.2.5 Consistent Segmentation 

There is no guarantee that the statistical segmentation of specular and lambertian pixels 
within the three light illuminated region and the four light illuminated region will produce 
consistent segmentations. The uncertainty of the segmentation in the three light illuminated 
region has a higher uncertainty than the segmentation in the four light illuminated region. 
The derivation of the surface normals in the three light illuminated region involves a lot of 
computation; this increases their variance, making dnam large. 

In order to produce consistent segmentations, we increase the uncertainty threshold of the 
four light illuminated region by 2X, to match three light illuminated region. The amount of 
increase was found by observing the segmentation of synthesized images. 

Therefore, a pixel in the four light illuminated region is specular i f  

w e ”  > IZJ( --R a 1 + 4 2 )  a 2  a; + (&l+ a -RZ) a 2  0: + (-RI a + &2)lo: + (-R1 a + 4*)$ a ari ar i  a12 a13 a14 a14 

6.3 Extracting Specular Intensity and Specular Sharpness 
The Torrance-Sparrow reflectance model allows us to determine the specular intensity and 
specular sharpness of an object. In this section, we develop a simplified version of the Tor- 
rance-Sparrow model. Then, we develop the specular intensity and specular sharpness 
extraction algorithms. 

6.3.1 Simplified Torrance-Sparrow Model 

The Torrance-Sparrow model is a geometrical optics model of reflection for rough surfaces. 



page 140 

The model describes reflection for surfaces that exhibit a hybrid reflectance. 

Fig. 6-5. Geomeqv for Torrance-Sparrow Model 

For a fixed incident light angle, and for a given material, the surface radiance is: 

F(O,’,q’) IS the Fresnel reflectance coefficient. (0,‘ is the local angle of incidence. q’ is the 
complex index of refraction.) We will make the approximation that for insulators, with inci- 
dent angles of less than 40 degrees, the Fresnel coefficient can be approximated by a con- 
stant. 

F(e,’m‘) 
1 

-- ~~ o a 3  

0 . 3 0  1 ?- 
3 . o c  2 3 . 0 3  40.30 6 C .  00 80.00 e: 

Fig. 6-6. Fresnel reflectance -MgO 

G(0,,9,+,) is the geometric attenuation factor. This accounts for masking and shadowing of 
one micro facet by adjacent micro facets. For incident angles between 0 degrees and 60 
degrees, and reflected angles between 0 degrees and 80 degrees, the geometric attenuation 
factor is close to unity [Nayar 91al. 

With these assumptions we can simplify the Torrance-Sparrow model to: 

B is a constant which we will call the specular intensity. 

If the camera is at N=(0,0,1), then cos(OJ simplifies to Nz (the z component of the surface 
normal). “c” is a constant that is proportional to the surface roughness. So c2 can be replaced 
with “ K ,  which we call the specular sharpness. If we determine K, we can find out how 
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rough a surface is. We then have: 

The total surface radiance will be the sum of the underlying lambertian radiance, A, and the 
radiance of the specular lobe. 

6.3.2 Determination of Specular Intensity and Specular Sharpness 

Once the surface shape is determined and the specular pixels are extracted, the specular 
intensity and specular sharpness can be determined. In the simplified Torrance-Sparrow 
model, we need to determine B, the specular intensity, and K, the specular sharpness. 

Using the extracted surface normals and lambertian albedo, we can determine the lamber- 
tian intensity at each image point. 

A = p ( S x N x + S y N ? + S z N z )  

We can define D, the difference between the measured image brightness at each specular 
pixel and the lambertian intensity. 

D = I - A  

Our model is: 

Some surfaces that we have measured have an offset between the lobe and the underlying 
lambertian component. We add an offset term to compensate for this. Our model becomes: 

cc can be determined from the light source direction, which is known, and from the surface 
normal, which is also known. The remaining unknowns, B, K, and Offset, can be solved for 
by searching in three dimensional (B,K, Offset) space. 

We can define the CHISQR error as the difference between the actual value of D and the 
value of D based on the current value of (B,K, Offset). 

CHLSQR = x [ ( J ( i , j )  - A ( i , j ) )  - D ( 8 , K , O j f ~ e t ) ] ~  
1.1 

CHISQR is a measure of how good the current estimate of (B,K, Offset) fits the actual 
image data. When CHISQR equals zero the model fits the data exactly. We can search in 
three dimensional CHlSQR space for the minimum value of CHISQR. This point will give 
us the best estimate of (B, K, Offset). 

The search direction can be determined using a variety of methods such as line search, gra- 
dient descent search, and conjugate gradient descent search. We chose gradient descent. It 
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offers a reasonable trade-off between algorithmic complexity and search efficiency. We can 
define the gradient of CHlSQR in each of the three dimensions, (B, K, Offset). 

C H l S Q R  ( (B ,  K, OFFSET) + 6B) - CHISQR ( E ,  K, OFFSET) 
68 

CHISQR ( ( E ,  K ,  OFFSET) + 6 K )  - CHISQR (8, K ,  OFFSET) 
6 K  

VBCHISQR = 

VKCHISQR = 

C H I S Q R  ( ( B ,  K, OFFSET) + 6Oflsser) - C H I S Q R  ( E ,  K ,  OFFSET) 
6Offser Voffse iCHISQR = 

The gradients are normalized with respect to the unit vector formed by the three compo- 
nents, (B, K, Offset). Then, the negative of the gradient is multiplied by the step size (6B, 
6K, 60ffset) and is added to the previous value of (B, K, Offset) to produce the new search 
point. The search continues until the value of CHISQR reaches a minimum. 

6.4 Results 
6.4.1 Simulations: 

Synthesized images of a sphere, including gaussian intensity noise, were created to test the 
validity of our algorithms. 

6.4.1.1 Synthesized Images 

Four images of a synthetic sphere were generated with the following light source directions: 

sx SY sz  
Light source one -.541 ,681 ,494 
Light source two .661 ,588 ,466 
Light source three .592 -632  ,499 
Light source four -.631 - 3 5  541 

~~ ~ 

Light sourcethree 1 .592 1 -632  I ,499 
Light source four I -.631 I - 3 5  I 541 
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Image characteristics are: D = 147, B = 50, K = 16, ozi = 0.8. 

Fig. 6-7. Synthetic sphere images 

The pixel segmentation for the above images is: 
Shadow from light 1 and 2 

I 
Nonspecularfrom light 4. 
Shadow from lieht 2 

Nonspecular from light 3,  
Shadow from lipht I 

Specular from 
light 4 

Four light illuminated 
lambenian area 

Shadow from light 2 and 

Specular fmm 
light 1 

1 and4 

Nonspecular from 1 ,  
Shadow from light 3 

Nonspecular from light 2, 
Shadow from light 4 

Shadow from light 3 and 4 

Fig. 6-8. Segmentation for synthetic sphere. 
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The needle map produced from the four intensity images is: 
I I ,  
, 1 1 1 1  
, 1 1 1 1 1 ,  
I I , , , , , ,  
I , , I , I I, I 
I I I I I I I I, J 
I , , I I I , ,  I , ,  
I ,,,,, 1,1// 
I , I , , , , ,  ,,,? ............ ............. 

Fig. 6-9. Needle map for synthetic sphere. 

The specular intensity, B, specular sharpness, K, and the offset, Offset, extracted for the four 
specular spots is: 

The plot of intensity versus incident angle for light source two is: 
I 

:oo 00 
- ssz-synth dat .................... 

1 
Incident Angl;? 

0.00 j i 

0.00 ?O.OO 40.00 60.00 80.00 

Fig. 6-10. Intensity YS. incident angle for synthetic sphere. 
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If our data follows the simplified Torrance-Sparrow model, a plot of Ln(D*Nz) versus a’ 
should be linear. This can be seen from: 

Ln ( D N z )  = ( - K a 2 )  + L n  ( E )  

The plot of a2 versus h(D*Nz) for light source two is: 
o r 2 , 1 r 3  

. .  SS-jyntt-c ass-58 dal  

! 
, z o c o  ~ ~~ ~ . ~ . . !  .. .~ ~ ~ ~ 

: ,-. 

, y J U C ~  ~ ~ ... .. . 

n o o o . ~  .~ ~ ~ .. .. 

60 00 ~ 

40 00 . ~ ~. ~ ~ 

i ~ :$~ ~ 

ZO@C ~ . . . .. ~. 1 i \ ,  7 ,..~ 
I 

0 oc Ln (D*Nz) 
0 00 1 00 2 00 3 00 4.00 

Fig. 6-11. a’ versus h(D*Nz) for synthetic sphere. 

6.4.2 Experimental Results 

The experimental results consist of images of two objects, a specular painted sphere and a 
plastic helmet. Both objects exhibit hybrid reflectance. In addition, images of a specular 
plastic bottle are included. The bottle exhibits a specular spike. So, it does not conform to 
our reflectance model assumptions, but we are able to extract the bottle’s shape. 

6.4.2.1 Experimental Setup 
J, camera 

Lights 

object 

Fig. 6-12. Experimental Setup 

A ceiling mounted, Sony XC-57 camera, with an 85 mm Nikkor lens, was used. The camera 
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to object distance was approximately 2.5 meters. Four ECA, 250 watt, light bulbs were 
mounted on light stands. The bulb to object distance was approximately 2.6 meter 

6.4.2.2 Painted Specular Sphere 

Four images of a painted, 12.7cm diameter, sphere were taken. Light source directions were 
determined to be: ""'""'""'I 

Light source two ,588 
Light source three ,592 -.632 .499 " 

Light source four I -631  I -.555 I .541 

Raw image data was linearized, and normalized 

Fig. 6-13. Painted sphere images. 
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The pixel segmentation for the above images is: 
Shadow from light 1 and light 2 

Xonspecular from 
Shadow from light 

Nonspecular from light 3 ,  
Shadow from light 1 

NonspeculL from 1, 
Shadow from light 3 

N o n s p e h r  from light 2. 
Shadow from light 4 

Shadow from light 3 and light 4 
Fig. 6-14. Segmentation for painted sphere 

The needle map, using the extracted lambertian albedo =139.8, produced from the four 
intensity images is: 

Fig. 6-15. Needle map for painted sphere 

Areas of non-real 
surface normal 
solutions, for two 
light illuminated 
regions 

If we increase the lambertian albedo by the Offset, we are able to extract the surface normals 
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in the two light illuminated regions. 
> \ i i l i i i i i  

1111%,,ll,,,,, 
1 1 \ 1 1 %  I ,  , 1 1 1 1 1 1 ,  

, > 1 . 1 1 , 1 1 1 1 1 1 , 1 1 1 1  
. \ . 1 1 1 1 1 , r , ,  1 1 1 , 1 1 1 1  .~.~~~~~,,,,,,,,,,,,,, ........................ 

+.>..1.11< I I1,11,.*1,,1. .......................... .......................... ............................ ........................... ........................... ..... ...................-.... ... ... .. 
............................. ....................... ........ ............................. ............................ ............................ ............................ .......................... .......................... -,,,,,,,,,,,,.~~.~~,~~~., ~,,,,,,,,,~,,,~~~~~,,~.. ...................... 

,,,,,,<,,,*,\%<\<>,\ 
I ,  I ,, (, 8 I I I I \  $ \ %  ,> 

, , , , , , 8 1 1 1 \ % 1 , 1 \  
1,,1,,1,,\%1\. 

1 , 1 1 1 1 , 1 \  

Fig. 6-16. Needle map for painted sphere 

The specular intensity, B, specular sharpness, K, and the offset, Offset, extracted for the four 
specular spots is (The extracted lambertian albedo, p, is 139.8.) 

I I Offset I B I K I 
I I I 

Specularfrom S1 I 10.1 I 43.5 I 16.7 
I Soecularfrom S2 I 8.2 I 55.1 I 17.0 I 

SpecularfromS3 [ 14.6 I 45.8 I 21.2 
I SoecularfromS4 I 15.1 I 39.9 I 22.8 1 

Averagevalues 1 12.0 I 46.1 I 19.4 

The plot of measured intensity versus incident angle for light s o m e  three is: 

: iam-a1neuo_ss3aat zzcno . . .  ~~ . . . .  . . . . . .  ~. . -~ i .  ........................................ 

700 00 ...................... ....... .&r.. - ~ i  . . . . . . . . . . . . . . . . . . . .  ~ . - - ~  ...... 

, B 0 0 0 ~ ~ - ~  .................... 

............. 

. . . . . . . . . . . . . . . . .  

lnc d e l l  Angle 
0 on 

0.00 m o c  40.00 60.00 90 00 
Fig. 6-1 7. Measured intensity vs. incident angle for painted sphere for 5.3 
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The plot of the intensity versus incident angle using the extracted values of B, K, and Offset 
for the specular spot due to light source three is (For this plot, since the area of interest is the 
specular lobe. the lambertian albedo is the sum of Offset and p.): 

I 

lam-synth aal 
i20.0c ............. _. ......................... ........... . , ,  _ _  .- ................... 
200~0I '  ...................................... - : ~ ~  . . . . . . . . . . . .  i .  .......... 

. . . . . . . . . . . . . . . . .  

BJ,oq ....... ~~ . .  

................ ~ . . .  . . . . . . .  

.................. ._ ... ............................ 
~ 

j . . .  ~~~~~~ ...................... 

..... \ 
. . . . .  ................................... 

! 
2C.00 

3 00 
nciden: Sngle 

0 01 20.0G 40.00 60 0c 80@0 

Fig. 6-18. Intensity vs. incident angle for painted sphere using extracted parameters for 53. 

The plot of measured intensity versus incident angle for light source two is: 
am_albedo~$s2,Ji:  I 

220.0* - ...... ~ ....... -.  ._ ....... ~ .......... .- - ......... " .- ._..I 

........ .- .- - 200 9% . -  " 

, 80,0* .............. . . . . . . . . . . . . . . . . . . . . . .  

-. - -. . .- 

........ - -. ................ - . 
, t o  00.. -. .- .... . . . . .  ~~ .. ............... 

- - .- -) -. 

~ c . 0 0  ........ ................... ..... 

lncideit Angle 
0.00 

a ao 20 00 40 no 60.00 80 00 
Fig. 6-19. Measured intensity vs. incident angle for painted sphere for S2 
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One should note the difference in magnitude between the lambertian albedo’s cosine curve 
near the specular part of the intensity plot, and the intensity data. 

The plot of the intensity versus incident angle using the extracted values of B, K, and Offset 
for the specular spot due to light source two is (For this plot, since the area of interest is the 
specular lobe, the lambertian albedo is the sum of Offset and p.): 

I ~ lam-synln ual 

180 ....... ~~ ~ . 

......... ............ 

40,00... . . . . . .  ................................................... ~ ......... 

2 2 , 0 [ , ~  . . . . . . . . . . . . .  ~ . . .  
3 00 

: incident AnQi€ 
0.30 20 03 4 0  00 60~00 SO 00 

Fig. 6-20. Intensity vs. incident angle for painted sphere using extracted parameters for S2. 

The plot of a2 versus ln@*Nz) is: 

alpha’aphax 1V3 

200.00 _ . ._ 

l @ O O C  

c 03 

^_. ........ ;... ....... ._ 

. :  

.I 
. I .  

LnlWN? 
( 0 3  1 0 0  2 00 3 pc 4 00 

Fig. 6-21. a’ versus In@*Nz) for panted sphere. 



page 151 

One should note the nonlinearity of the plot. This is caused by the Offset term of our model. 
When we compensate for the Offset, the plot becomes linear. 

The plot of a2 versus In[(D-Offset)*Nz] is: 
alphZ""alplJ 5 l V 3  

I GO 3 00 4 00 In[(D-OfFset)'SzI ' O 4  0 OD 
Fig. 6-22. a versus In[(D-Offset)*Nz) for painted sphere. 

We compared the ideal surface orientations for the sphere with the surface orientations pro- 
duced by our algorithm. For the four light illuminated region the mean orientation error was 
2.5 degrees, with a standard deviation of 2.0 degrees. For the three light illuminated region 
the mean orientation error was 2.5 degrees, with a standard deviation of 1.3 degrees. For the 
two light illuminated region the mean orientation error was 12.8 degrees, with a standard 
deviation of 10.0 degrees. 

6.4.2.3 Plastic Helmet 

Four images were taken of a plastic helmet using the following light source directions: 

The four images contain interreflections due to concavities in the surface of the helmet. 
Since our model does not include interreflection, we manually segmented the images to 
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eliminated any areas where interreflection might occur. 

Offset B 
Specular from S1 -2.1 36.5 
Specularfrom S3 -6.4 49.9 
Specular from S4 -8.1 41.5 
Average Values -4.2 42.6 

LighL Onc Light Two Light Thre  

K 
8.4 
10.1 
8.3 
8.9 

Lighr Foul 

Fig. 6-23. Plastic helmet images and manually segmented plastic helmet images 
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The pixel segmentation for the above images is: 

Nonspecularfrom light 3. 
Shadow from lipht I 

Nonspecular from light 2. 
Shadow from light 4 

Fig. 6-24. Segmentation for plastic helmet. 

The needle map produced from the four intensity images is: 

Fig. 6-25. Needle map for plastic helmet 
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The plot of IT’ versus In(D*Nz) for light source four is: 

alo?i’a!pha ;-: - C-3 

clas:,_SG.dat , 00 .............. -. I .......... - . -  I - - .- ............. I 
# . /  . . . . . .  

6000 .. ~~ . . . . . . . . .  i ~~ .................. - ............... 
i 

40.00 .... . . . . . . . . .  ..i.. ~~ ............ -. - ..................... .~.: ~.; 

20 00 ... ._ _. . - ._............I ......... .. .- . - 

0 00 ! 

~~ ............. 

~~ ~ .......... 

......... 

c.00 1 0 0  2 DO 3 00 4.00 

Fig. 6-26. a* versus ln(D*Nz) for plastic helmet. 

6.4.2.4 Plastic Bottle 

Four images were taken of a plastic bottle. The bottle exhibits a strong specular spike. This 
prevents us from recovering the specular intensity and specular sharpness of the bottle. 
However, we are able to recover the shape of the bottle. 

Light one Light Two Light Three hght Four 

Fig. 6-27. Images of plastic bottle. 
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The pixel segmentation of the four intensity images is: 

Nonspecular from light 4, 
Shadow from light 2 

f 

Konspccularfrom light 3, 
Shadow from light 1 

Specular from 
light 3 

Nonspecular from 1, 
Shadow from light 3 

Fig. 6-28. Segmentation for plastic bottle. 

The needle map produced from the four intensity images is: 

, ,  . . . . .  
I ,  

,,..., ........ 
I , , ,  
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, 1 1 1  
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. . . . . . . . . . .  
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Fig. 6-29. Needle map for plastic bottle. 

6.5 Conclusions 
This chapter discussed the illumination of surfaces that exhibit a hybrid reflectance. We 
developed a method for extracting the shape, specular intensity, and specular sharpness of 
these surfaces. The work includes three important parts: determination of shape, segmenta- 
tion of pixels into specular and nonspecular pixels, and determination of specular intensity/ 
specular sharpness. Coleman and Jain’s work for performing segmentation in areas illumi- 
nated by four lights, was improved by making the segmentation statistically meaningful. We 
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developed methods for recovering shape and for performing statistical segmentation in 
regions illuminated by three lights. We also developed methods for recovering shape in 
regions illuminated by two lights. The methods produced reasonable results on synthetic 
and real images. We recovered the shape, specular intensity, and specular sharpness of sev- 
eral hybrid objects, and we have recovered the shape of objects that contain moderate to 
large specular spikes. 
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Chapter 7 
Conclusions 

This thesis explored illumination planning for photometric measurements. We studied how 
illumination affects the reliability of surface orientation measurements in the presence of 
intensity noise for the following: lambertian surfaces, rough lambertian surfaces, specular 
spike surfaces, and specular lobe objects. We investigated how to determine the shape and 
reflectance parameters of hybrid surfaces by imposing constraints on illumination, and we 
explored the reliability of specular lobe reflectance parameter estimation in the presence of 
intensity noise. 

7.1 Summary 
The work on the reliability of surface orientation measurements in the presence of intensity 
noise showed that for each photometric function there are light source configurations that 
produce high reliability and light source configurations that produce low reliability. We 
showed that the shape of the error surfaces is related to the shape of the photomemc func- 
tion, the stability of the system of photomenic equations, and the signalhoise ratio of our 
measurements. While, considering these three factors separately, gave some insight into the 
error surfaces, it is still important to remember that the error surfaces are a function of a sys- 
tem of photometric equations. These factors act together, and cannot be uncoupled without 
altering the very system we are studying. So, in some real sense, the error surfaces are the 
only truthful representation of each system’s behavior. 

7.1.1 Illumination of Lambertian Surfaces 

First we explored illumination planning for 2D discrete lambertian normals. We showed 
how the shape of the error surface, for one normal, was related to the shape of the lambertian 
intensity function, the stability of the lambertian system of equations, and the signallnoise 
ratio of the measurements. Then, we developed a 3D illumination planning system that 
determined how to efficiently illuminate a specified set of faces on a convex polyhedral 
object. The planner conducted a statistical simulation to predict how much uncertainty we 
could expect in our measurement of surface orientation for a candidate light source configu- 
ration. The plans were implemented using an array of light sources and a camera mounted 
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on a PUMA robot. The experiments showed that the planner’s predictions were accurate. 

We then extended the convex lambertian methodology to simple 2D and 3D lambertian con- 
cavities. We realized that for illumination planning purposes, the concavity could be treated 
as a non-interreflecting shape equal to the pseudo shape. We developed an illumination plan- 
ner that planned illumination for a concavity composed of two rectangular faces, and we 
conducted experiments on a 3D lambertian concavity which validated our planner’s predic- 
tions. Finally, we examined the effect of source position error on the measurement of lam- 
bertian surface orientation. We found through a graphical analysis that the orientation error, 
in 2D, when both light sources are on opposite sides of the normal, is limited by the magni- 
tude of the source position error. 

7.1.2 Illumination of Rough Diffuse Surfaces 

Rough diffuse surface models are much more general than the pure lambertian model. We 
examined 2D illumination for these surfaces. The shape of the rough diffuse error surfaces, 
for small values of 0, was close to the lambertian error surface. However, as the roughness 
of the rough diffuse surface increased, and the intensity profile deviated more from the lam- 
bertian intensity profile, the error surfaces showed greater differences. We developed a 2D 
illumination planner that planned illumination for a given surface orientation, and we con- 
ducted experiments that validated the planner. This work showed that the methods devel- 
oped in the lambertian chapter could be successfully extended to non-lambertian surfaces, 
and to higher dimensionality reflectance functions. 

7.1.3 Illumination of Specular Spike Surfaces 

In order to illuminate specular spike surfaces, we utilized spherical extended light sources. 
We showed that the shape of the specular spike error surface was closely related to the shape 
of the extended light source intensity function, which is substantially different from the lam- 
bertian intensity function. We developed a 2D illumination planner that planned illumina- 
tion for a given surface orientation, and we conducted a series of experiments on polished 
metal objects that validated the planner. 

7.1.4 Illumination of Specular Lobe Surfaces 

We examined the illumination of specular lobe surfaces from two perspective. First we 
examined how illumination affects the determination of surface orientation, in the presence 
of intensity noise, when the specular lobe reflectance parameters are known. Secondly, we 
examined how illumination affects the determination of the specular lobe parameters, in the 
presence of intensity noise, when surface orientation is known. We developed 2D illumina- 
tion planners for both problems. 

7.1.5 Illumination of Hybrid Surfaces 

We investigated illumination planning for hybrid surfaces from a slightly different perspec- 
tive. Instead of finding the optimal light source positions to determine surface orientation, or 
reflectance parameters, given a certain amount of intensity noise, we examined how con- 
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straints on light source placement could allow us to determine both the shape and reflectance 
parameters of a hybrid object. We developed methods for recovering shape and for perfom- 
ing statistical segmentation in regions illuminated by three and four lights. We also devel- 
oped methods for recovering shape in regions illuminated by two lights. We recovered the 
shape, specular intensity, and specular sharpness of several hybrid objects. 

7.2 Contributions 
We have shown that the light source configuration affects the reliability and simplicity with 
which a photometric measurement can be made. We have also shown that the light source 
configuration affects what parts of an object are illuminated. Specifically: 

1. We developed techniques for measuring the sensitivity of surface orientation to 
intensity noise for: lambertian surfaces, rough lambertian surfaces, specular spike 
surfaces, and specular lobe surfaces. 

We developed illumination constraints that allow the shape and reflectance param- 
eters of hybrid surfaces to be determined using point light sources. 

We showed that the methodology of combining object models with accurate sensor 
noise models and reflectance models allows the accurate prediction of measure- 
ment reliability. 

We showed that it is possible to conduct statistical photometric measurements. 

2. 

3. 

4. 

7.3 Future Directions 
The study of illumination planning is in an early state. Certainly, more research is needed on 
how illumination affects intensity based computer vision algorithms. We started the explora- 
tion of illumination planning for photometric measurements. There are parts of the problem 
space that we did not explore. In the table below we list the problem space for the four pho- 
tometric models. The “X” indicates what we have researched. 

Surface Orientation Measurement Error Source 
Photometric Model 

In addition to the potential emrs listed above, the rough diffuse model has a potential 
source of error in the reflectance parameter, 0. The specular spike model has a potential 
source of error in the extended light source parameter, H. The specular lobe model has 
potential sources of error in the specular parameters, B and K. 
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We explored constraints for illuminating hybrid surfaces, but we did not explore a system- 
atic method for achieving an illumination configuration. This is a combinatorial analysis 
problem. For each candidate light source position, certain parts of the object will be specular 
and certain parts of the object will be lambertian. The planner would have to find combina- 
tions of light sources that allow shape and specular parameter estimation to be conducted in 
an efficient manner. There might be a large number of candidate light source configurations 
that could accomplish both tasks. A metric to compare configurations is needed. 

Modeling the effect of light source configurations on the photometric measurement of sur- 
face orientation, in the presence of intensity noise, is a big step towards understanding how 
reliable such a measurement can be. In order to make accurate photometric measurements 
possible, a number of additional error sources need to be examined. Three major assump- 
tions are that the irradiance of the object is uniform, the incident light is parallel, and view- 
ing is orthographic. In general, due to finite object size, finite source size, finite object to 
source distances, and perspective effects, these assumptions are violated. In theory, this can 
be modeled if one precisely knows the geometry of the illumination, camera optics, and 
object configuration. However, I have not seen anyone solve this problem at a level of detail 
that would explain the photometric variation across a simple scene. This is a prerequisite for 
reliably detecting defects in objects using photometric techniques. 

Incorporating factors that affect object irradiance and sensor irradiance, such as source radi- 
ance, source to object distance, and aperture, into the planner would be a worthwhile exten- 
sion. 

Another research direction is extending the “sensor noise modeYCAD model” sensor plan- 
ning paradigm to additional sensors such as range finders. In one sense, the noise character- 
istics of the CCD are very easy to model. The noise is repeatable and is primarily due to shot 
noise. Sensors like range finders are much more complicated. Further research may be nec- 
essary to model these sensors. 
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Appendix A 
Light Source Direction and Normalization 

A.0.1 Light Source Directions 

The accuracy of the light source directions is very important. We have tested a number of 
techniques. The simplest technique is to use the brightest point on the surface of a lamber- 
tian sphere. The normal of the brightest point is coincident with the vector pointing to the 
light source. Although the method is simple to implement, it is sensitive to noise. 

A second method is m fit the lambertian reflectance function to the 100 brightest pixels of a 
lambertian sphere. Since the data around the peak of the cosine is flat, the fit is not very sta- 
ble. If the number of points (the threshold used to select the points) changes, the light source 
direction will change. A more stable fit can be obtained by using points extending from the 
brightest part of the cosine, to the shadow area of the cosine. This fit will be stable. If the 
threshold is changed, within reasonable amounts, the light source direction will not change. 

Light source directions are calculated by performing a least square fit to the intensity data of 
a lambertian sphere. The least squares formulation contains a residual term. This term 
allows the dark current value of the camera to be recovered. 

The intensity at each point on the lambertian sphere is: 
A = p ( S x N x ( i , j )  + S y N y ( i , j )  + S z N z ( i , j ) )  

The total error over the entire image between the measured intensity, E(i,jj, and the intensity 
given by the lambertian model, using our solution for (Sx,Sy,Sz,D), where D is the residual, 
dark current term, is: 

P = C [ ~ ( i , j )  - s x N x ( i , j )  - S y N y ( i , j )  - S r N z ( i , j )  -012 
i, j 
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We want to find the minimum of the error with respect to (Sx,Sy,Sz,D). This happens when: 

This set of four equations can be solved directly for Sx, Sy, Sz, and D. 

Another method for determining light source positions is to build a fixture that precisely 
locates each light source. This method was used, in chapter 2, for the array of light sources. 
In chapter 3, in two dimensions, we used a precisely aligned rotational stage to locate light 
sources. In chapter 4, we located the extended light sources by fitting the intensity distribu- 
tion of each extended source to our model. The method is similar to the lambertian method 
discussed above. 

A.0.2 Image Intensity Normalization 

Light source radiances need to be normalized because light source radiances are usually not 
equal. The most common technique uses the brightest pixel in the image as a normalizing 
factor. This technique is susceptible to image intensity noise inaccuracies. Using a larger 
number of points makes this technique more robust. We can use a lambertian sphere as an 
object. After we have solved for the light source’s direction, we can fit a cosine to a plot of 
intensity versus incident angle. The magnitude of the cosine is our normalization factor. In 
Fig. A-1. , is a plot of intensity versus incident angle for a lambertian sphere (using the 
extracted light source direction) and a best fit cosine (magnitude = 143). 

A less sophisticated method, that we successfully used in chapters 2 and 3, was to visually 
align a lambertian plane perpendicular to each light source. The intensity of each light 
source was the average intensity of the center of the plane. 
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Appendix B 
Frames and Transformations for Puma, 

Camera, and Light Source Array 

Fig. B-I. Frames far Puma, camera, and light source m a y  

Many frames were used in the experimental setup for chapter 2. This section describes the 
frames and their relationships. FLlghts is the frame for the icosahedron holding the light 
source array. Fmma is the frame for the Puma robot. F, is the frame of the nominal Puma 
tool. This is specified when the Puma's "OAT" coordinates are equal to (0, 0, 0). Fcamera. is 
the frame of a virtual camera, at the desired viewpoint, looking at the object, at the center of 
the light source array. Fhra is the frame of the real camera attached to the Puma's end 
effector. F,,,. is the frame of actual tool frame. 

The goal is to have Fcma. aligned with Fcamcra We need to solve for R. cmaa' R is 
known from the geometry of the icosahedron. Based on the icosahedron face that we want to 
view from, we can determine the orientation of the virtual camera. Given a desired view- 
point, specified in spherical coordinates by 0 and @, R = Rz(0)R,(~)R,(180)R,(-90). 

Tml Lqhw 

LlgblS 
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This will make the +Z axis of the camera (optical axis of camera) point at the origin of the 
m a y  of light sources. The +Y axis of the camera will point downward (not necessarily 
straight down), and the +X axis of the camera will be horizontal. L'gh'r puma R is known by 
solving for the transformation between the h m a  robot and the light source array. This trans- 
formation was found by physically locating six points on the array of light sources with the 
end effector of the Puma robot. The locations of these points, in FLghts, is known from the 
physical dimensions of the icosahedron structure, and the coordinates of these points, in 
F,,, are known from the Puma controller. The transformation was solved for by using the 
method of Hebert and Faugeras [Faugeras 861. ZYR is fixed and is equal to Rx(-I 80)R,(- 
90). R is the transformation between the Puma's end effector and the camera. This 
was found by performing a handkye calibration procedure [Tsai 871 [Lenz 891. Once these 
transformations are known, we can solve for the transformation between the Puma and the 
virtual camera: 

pvma (I-- R)-'( Lehr 
camoa' R = camera, R) 

We want: 
pvmr pvms c-.dR= -R  

The transformation to go from the nominal tool frame, FTml, to the desired tool frame, FTmr 
is : 

TuOl' 1 R) = (ZR) . '  ( R) ( R)- 

"O,A,T", which the Puma needs, are the (-X),Y,Z Euler angles corresponding to (z,, R). 

A = a t a n 4  roo, m2) 
T = ,,,( 3,TM) 

C O S B  W S B  

0 = - I (  aan2( 2.2)) 
if A = k90 

T =  0 

0 = -1 ( atan2 (rl,,, - - T u ] ) )  
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