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ABSTRACT

The process of creating a synthetic image of a given example image under arbitrary
pose and illumination is knawn as image synthesis or re-rendaring. Existing class-based re-
rendering methods require large basis image sets and accurate pixel alignment for accurate
image synthesis. In addition to this, these synthesis methods have focused primarily on
gray-scale images. Based on the novel concept of surface reflectance quotients, two new
image synthesis techniques have been developed that produce high quality images given
anly a small image set constructed using a single basis abject. The image synthesis ability
of the two new techniques is demonstrated using both synthetic and real image sets.

The concept of surface reflectance quotients has also been applied to object recognition
in which a test object is compared and classified against a set of known objects. In such
tasks, variations in illumination conditions may cause difficulties in producing & correct
match. The strength of the object recognition technique based on the calculation of the
surface reflectance quotient will be shawn ta be the ability to eliminate the illumination
component from the image comparison process. This allows the object recognition task to
be carried out without the errors associated with variations in lighting. The operation of

this ohject recognition technique is demonstrated through the use of a image set of human.
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CHAPTER 1

INTRODUCTION

The human visual system is highly sensitive to small changes in photographic lighting.
Thus, great care must be taken during many post-production editing tasks, such as image
splicing or synthetic object insertion, to pr'eserve all facets of the lighting environment.
Figure 1.1(a) was produced by overlaying one person’s face onto a second person’s body.
Because the illuminatjon esivironments of the new face and the original body are quite
different, the average viewer will easily recognize the edit. When the lighting environment
of the new face is modified to match that of the ariginal body’s, the edit is made much less
noticable as shown in Figure 1.1(b). Thus, the work presented in this thesis has focused
primarily on the development of illumination environment equalization algorithms.

Humans are also able to recognize objects from images under varying illumination con-
ditions. To an observer, the images of Figurel.2(a) are of the same person. The histograms
of Figurel.2(b) demonstrate that these images are quite different in a statistical sense. For
the human visual recognition system to demonstrate such robustness to changes in lighting,

it must be using illumination-invariant object properties, such as relative distance between

® (O
Figure 1.1: A person’s face inserted into a scene (a) without illumination matching,
and (b) with illumination matching.
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(b)
Figure 1.2: Human recognition examples: (a) Four images of a single face under
varying illumination conditions and (b) cortesponding image ititensity histograms



distinctive features; and /or a mechanism for illumination equalization. Thus, the secondary
goal of the work préseiited was to déevelop an object técoghition algorithin based oi illuini=
nant equalization.

The process of generating two-dimensional images of three-dimensional objects under
arbitrary pose and illumination conditions is known as image-based re-rendering or image
synthesis. There are two methods for performing this task. The first of these methods is to
explicitly recovet the shape; reflectance; and illimination conditions of the imaged object
in order to re-render analytically. The second method takes advantage of the linear nature
of the lighting condition by creating arbitraty illumination conditions based on weighted
linear combinations of a set of basis illuminants. The second approach is known as the
generative approach to image synthesis.

Most existing methods for image synthesis employ a generstive approach. A gray scale
image may beé représanted matheétiatically as

I{u,v) = a(u, v)i(u,v) & 7, (u,v) (1.1)

where a(u,v) is the albedo of the imaged object, 7i(u, v) is & 3 x 1 vector representing the
illumination direction, and 7,(u,v) is & 3 x 1 vector representing the surface normal map
of the imaged object. An arbitrarily illuminated image of a three-dimensional Lambertian
object may be generated via a weighted sum of images of the given object. This new image
inay be writtén as

I(u,v) = %w«ﬂ(u.v)
=1

= % wia(u, v) [i(u, v) ¢ s (u, v)]
=1

m

a(u,v) (i wgﬂ‘(u,v)) o l5(u,v) (1.2)

i=1

Hallinan (1] and others (2, 3] have shown that this image may be generated via s weighted
3



sum of at least three basis images of the object. In each of these cases, it is necessary to
cféate a basis sét of linages with linéarly indepeiident lighting conditions for each objéct to
be resrendered. Although this process may lead to highly accurate regults, all golutions are
unique to a single object. The custom illuminated objects in Figure 1.3(b) were created as
weighted sums of the images present in the basis set shown in Figure 1.3(a). However, when
attempting to reconstruct a new object, Figure 1.3(c), from the same basis set, the resulting
linage is simply a new custom illuininated iinage of the otiginal basis object, Figite 1.3(¢).

The requirement of creating a basis set of images far each unique imaged object places
a limitation on the practical use of Hallinan’s re-rendering method. When applying this
réilluminatioi techiiqiié to hiiinan faces, this linitation inay be seenn. If it is desired to have
the ability to rélliminate any hman face, it would be tiecessary to create an iitiage Ubrary
consisting of thres images of each person in the world. Therefors, with a population of 6
billion people, it would require an image library of 18 billion images in order to properly
re-render each unique human face. This poses quite a problem due to both limited storage
and the inability to obtain all necessary images.

In order to make the generative method of image synthesis more tractable, the basis
image concept was further generalized by Vetter and others[4, 5, 6, 7] to allow for the con-
struction of linear object classes. In class-based approaches, objects are assigned to groups
based on similar propertiés, sich as shape or téxture, and a singlé basis sét 18 ¢onstriicted
for each group. For examiple, If all human faces are assiitied to have approximately the
same shape, one basis set could be comnstructed for the generation of all faces assuming
that the set spans the entire space of possible textures. Unfortunately, if the size of the
basis set is too small to span the entire space of facial textures, inaccurate reconstructions
result. As an unfortunate result, the pexfarmance of class-based re-rendering approaches
dégrades quickly if basis sets aré created that are too simall to span thie spacé of siinilar
object properties (l.e. skin texture variations on human faces), and the pixel-tvise alignement

4



(b)

(d)

Figure 1.3: Hallinan re-rendering technique: (a) basis set, (b) arbitrarily illuminated
images, (c) image of a new object, and (d) reconstruction of new object using the
original basis set.




of imaged objects is inadequate. Figure 1.4 illustrates the limitations of this image synthesis
technique. The basis set in Figure 1.4(a) has been used to reconstruct the example image in
Figure 1.4(b). However, due to the fact that this small basis set does not span the space of
similar object properties, this technique fails to accurately reconstruct the example image,
as seen in Figure 1.4(c). The need for a large basis set makes this algorithm impractical for
many situations in which image re-rendering is required.

The introduction of image classes may dramatically reduce the size of the image set
needed from that of Hallinan. Rather than the need for three images of each object in this
class, the requirement placed on the size of the basis set is set by the size of the images

in the set. Given an image that is 100 x 100 in size, Vetter's approach requires a basis set
SqTES
;T

of only 10,000 images. Although this basis set is si.ill quite cult to construct, this is a
great improvement over the previous approach that requir'iad a set of 18 billignbmagee.
Shashua and Riklin-Raviv [8, 9, 10] recently proposed the use of an illumination invariant
image as an alternative to traditional class-based re-rendering. Further research on this
re-rendering technique has also been performed by Stoschek [11]. In this approach, an
illumination invariant quotient image is produced through the pixel-wise division of a given
example image, and its reconstruction is generated using a class-based approach. Images
of this example object under different illumination conditions can then be reconstructed
through pixel-wise multiplication by different weighted sums of the basis image set. The
use of this illumination invariant image helped to dramatically reduce the size of the basis
set. In contrast to the large basis sets needed to perform other image synthesis techniques,
this method requires a minimum of only three basis images. The perceived quality of images
re-rendered via the quotient image technique remains quite high given both small basis sets
and poor image alignment. However, the reported quotient image technique is only valid for
spectrally flat, or white, illuminants. Given the basis and example images in Figure 1.5(a)
and (b), respectively, the reilluminated images in Figure 1.5(c) were created using the same
6



(b) (c)
Figure 1.4: Vetter re-rendering technique: (a) basis set, (b) original image, and (c)
reconstructed image



Figure 1.5: Shashua re-rendering technique: (a) basis set, (b) example images, and
(c) re-rendered images



weighting coefficients. Although the images in Figure 1.5(b) are of the same perzon, the
resulting reilluminated images show differences in their appearance due to the fact that the
illuminants in each of the basis images as well as those of the example images are not flat.
Due to the variations in color of the illuminants, each of the original images appears to have
a slight variation in surface texture that leads to these reconstruction errors.

In each of the generative algorithms discussed above, one or more of the following

assumptions must be made in order for the algorithms to operate:

1) Exact alignment between images
2) Large basis set of images

3) Flat white illuminants .

These conditions limit the utility of these algorithms in uncontrolled application environ-
ments. In such environments, construction of large basis sets is costly, time consuming,
and still does not guarantee success. Also, exact alignment is difficult to enforce in such
environments, and it is very rare for flat illuminants to be present. For these reasons, tools

must be created in an attempt to overcome the limitations of previous image reillumination
techniques.

1.1 RESEARCH GOAL

The objective of this research is to develop generative image re-rendering algorithms
based on the calculation of an illumination invariant color image defined as the surface
reflectance quotient. These algorithms are to be developed with the purpose of overcoming
the need for a large basis set and flat illuminants in order to increase their utility in un-
controlled environments. Two new algorithms for class-based color image synthesis under
both spatially and spectrally varying illumination conditions are presented in this thesis.
Given a color example image of an object in the class, the first re-rendering technique allows

9



the user to specify a new custom illumination condition for the reconstructed image. The
second re-rendering technique matches the illumination of the example image to the lighting
environment of a second image of an object in the class.

The utility of this approach to image re-rendering is illustrated through the development
of a new color image based facial recognition algorithm. In this algorithm, the surface
reflectance quotient is calculated for the given example image. Using it as a signature
image, the surface reflectance quotient is then compared to those of the image database
to determine the closest match. Due to the illumination invariant nature of the surface
reflectance quotient, this comparison is performed without the influence of variations in
illumination. Therefore, the comparison is based on the difference in surface textures of the

imaged objects.

1.2 UNIQUE CONTRIBUTIONS

The unique contributions of this thesis are as follows:

1) Two new algorithms for re-rendering which employ

- small basis sets, and

- colored illuminsants.

2) Facial recognition algorithm based on the calculation of the surface reflectance

quotient

1.3 ORGANIZATIONAL OVERVIEW

In Chapter 2, I will discuss the mathematical framework for the development of the
surface reflectance quotient. This will be followed in Chapter 3 by an algorithm listing for
both the custom re-rendering and the re-rendering by example processes and experimental
results for each of these algorithms. Chapter 4 will be concerned with an explanation of

10



the object recognition process as well as an algorithm listing and experimental results for
the proposed technique. Chapter 5 will contain a summary of the work performed as well

as possibilities for future expansion of this work.

11



CHAPTER 2

THE SURFACE REFLECTANCE QUOTIENT

For color images, the apparent image intensity vector of a point on a three-dimensional
Lambertian surface, I(u, v) € RS, can be modeled using the expression

-y

I(u,v) = S(u, v)L(u,v)7i(u,v) (2.1)

where S(u,v) € R¥*? is a diagonal matrix which represents the surflace reflectance function,
L(u,v) € R**? is the illumination function, and 7i(u,v) € R3 is the surface normal map
of the imaged object [12]. If the illumination function is held constant over all (u,v), this
3 x 3 matrix may be written as a weighted sum of N > 9 known illuminant matrices. In
this case, equation 2.1 may be rewritten as
N
I(u,v) = S(u, v) (2 a.-L;) fi(u,v) (2.2)
i=1
where o; ...a N are scalar weighting coefficients.
If a class of objects is defined such that the surface reflectance and normal maps must
be equivalent across all members, equation 2.2 can be written as the weighted sum of
N 2 dim(L) = 3 x 3 =9 images

-

N
I(u,v) = Y (0sS(u,v)Lsfi(u,v))
i=1

N
> afi(u,v) (2.3)

i=1

which is the weighted sum of known images, Ij(u,v), of objects in the class. Thus, any
image of a class member can be synthesized by determining the proper coefficients, a;, such

that
2

min (2.4)

N
I, - Ead;(u, v)
i=1

12



is satisfied. To calculate the proper values of a; that satisfy equation 2.4, the basis images,
E(u, v), are placed into the columns of the mn x N matrix A where m and n are the rows
and columns of the images, respectively. It is then possible to calculate a; as the least
squares estimate

a@ = A*j, (2.5)

where

A*=(ATA)” (2.6)

is the pseudoinverse of A, and §, is the column vector containing the elements of I(u,v).
Approaches t o image re-rendering which employ expressions such as equation 2.3 are termed
generative because new images are literally 'generated’ by weighted combinations of other
images.

The generative approach described above is made more complex when the class mem-
bership criteria is relaxed to allow for variance in surface texture due to the bi-linear nature
of the relation between the surface reflectance and illumination functions. If the surface
reflectance is allowed to vary across the objects of the class, an image of an object under a
desired illumination condition can be constructed using the expression

M N
Iy(u,v) = (; ;S (t, v)) (; a.-Li) (u,v) (2.7)
While a linear solution exists for solving equation 2.7 for the appropriate coefficients ; and
a; such that the constraint

ye _7 2
min || I(u, v) Ig(u,v)||

is satisfied [13, 14], numerical instability and over-fitting due to bias result from the need to

span the linear solution space of dimension N M. In addition, the basis set must contain N

different images of M class objects to produce accurate reconstructions. Thus, the number

of basis set images must increage in proportion to the number of objects in the class. This
13



proportional growth can be a prohibitive constraint in applications that require large object
classes, such as re-rendering of the human face.

It is possible, however, to construct an illumination invariant representation for each
class member in the presence of surface reflectance variations using only a small basis set
constructed from a single class object. Defined as the surface reflectance quotient, this
quantity can be used to perform high quality color image synthesis.

Let I (u,v) and T (u, v) be images of two member objects taken under the same lighting
condition, L. Also, let I,(u,v) be an image of the second object taken under a second
illumination field, L. Because the two objects belong to the same class, the surface normal

maps are assumed equivalent. Noting that equation 2.1 can be rewritten as
S~ (u, v)I(u, v) = Lii(u, v) (2.8)
the relations for I (u,v) and I;(u, v) may be written as

S; (u, )i, (4,v) = Lits(u,v)

Lii, (u,v), (2.9)

871 (v, v)Fr(u,v)
From this result, the following illumination invariant relation between the two images may

be derived,

ST (wv)(wv) = S (u,v)(y,v)
T(u,v) = S,(u,v)S7(u,v)(u,v)

S3 (u, v) 1, (u,v) (2.10)

where 8¢ (u,v) € R®*® is a diagonsl matrix defined as the surflace reflectance quotient of
Ss(u,v) and S,(u,v). Because S¢.(u,v) is diagonal, its entries may be calculated using the
expression
diag(S%,(u,v)) = Iy(u,v)/I(u,v) (211)
14



which is the element-by-element division of I(u, v) and I,(u, v). The images in Figure 2.1
are surface reflectance quotients of various face images constructed using the expression in
Equation 2.11. Due to the lack of the illumination component of the original images, these
surface reflectance quotient images appear very flat. By introducing a new illumination
component to these images, it is now possible to create a synthetic image of the given
object under this synthetic lighting condition.

Given the surface reflectance quotient, a new image of the object in I-;(u., v) can then be

synthesized to appear as it would in the lighting environment of Ip(u, v) using the relation

I(u,v) = S? . (u, v)Tp(u,v)
= Sa(ua v)S,'l(u, v)sr (u’ v)i‘ﬂ(ui 1))

= Ss(u,v)Li(u,v). (2.12)

Thus, images of class members can be synthesized under any chosen illumination condition
using the surface reflectance quotient, given that images of one class member under all
passible lighting conditions sre available.

While it may be possible to construct an image set for one object in the class that spans
all desired illumx:nation conditions, the generative approach to image synthesis provides
a more practleal alternative for conmstruction of images that belong to this illumination
spanning set. Consider the problem of trying to reconstruct the image, I:(u, v), using the
generative approach given a basis set consisting only of images of the second object with
surface reflectance S, (u,v). The weighted-sum solution, I,(u, v), would be such that

) = Pl
i=1

N
= sr(uv U) (z a,L,) ﬁ(uv ‘U)
i=1
= S,(u,v)L(y, v)Awu,v)
= I (u,v). (2.13)

15



Figure 2.1: Surface reflectance quotients for various human faces.
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Hence, the basis object image, [, (u,v), required to construct a surface reflectance quotient
for a given image f,(u, v) can be computed using a basis image set of at least nine images
of a single object under varjous illumination fields.

The second image of the basis object, (4, v), required to synthesize new images under
varying illuminams using the surface reflectance quotient can alko be constructed from
the baasis set. Two algorithms will be presented that employ two alternative methods for
the construction of f,(u,v) using either a user-specified lighting environment or a second,
fllumination example image of a metber object.

17



CHAPTER 3

RE-RENDERING ALGORITHM AND EXPERIMENTAL RESULTS

The mathewmsatical framework discussed in the previous chapter provides the busis for
creating elgorithms for the process of imege synthesis. Re-rendering using the surface
reflectance quotient can be accomplished either through user-specification of a custom illu-
mination fleld or through illumination matching.

8.1 CUSTOM RE-RENDERING

To perform image synthesis under a custom light-field, the user defines a set of re-
renderitig coefletits, [;, froin which the required basis objet image, fr(u, v), I8 constriicted

88
N

I (u,v) = é&ﬂ(us v). (34)
The synthesized image can then be computed using equation 3.13, given the surface re-
flectance quotient. This process is known as re-rendering by custom specification.

As an alternative, this algorithm can compute the necessary coefficients, 3, given a
epecified illumination function, £, if the illuminant functions, Ly, are known for the basis
set. This is done by deterinining the recretidering coefficients that satlafy

L= i B;L. (3.2)

In order to calculate these coefficients, the basgis set illumination functions, Ly, and the de~
sired synthetic illumination functian, f., must be vectorized. Given an illumination function

of the forin
ha ha his
L - 12’1 1252 1213 ¥ (3'3)
I3y lag a3
18



its vectorized form may be calculated as

£=|laa |. (3.4)

Once the vectorized forms of the illumination functions have been determined, the matrix
T e RN may be formed as

I= [ Cily...Cn ] (3.5)
with columnis containiiig each of the vectorized basis set illuminants, £;, 1t may now
be shown that the desited illumination condition, £, may be obtained from the matrix
multiplication

L=18 (3.6)

where J € R¥%1 contains the re-rendering coefficients 8y, 34, .. ., Bv. From this equation,
it may be seen that the re-rendering coeflicient vector, (J, may be determined as

B=1*( (3.7)

where T# & RV*N ig the pseudoinverse of T calculated as in equation 2.6. The re-rendering
coefficients contained in 7 may then be used to synthesize a new image with the desired
illumination function L.
The custom ré-renderitig algorithim 18 outlined below.
Custom Re-rendering Algorithm
1) Calculate the first basis object image
L(u,v) = 3 culi(u, v)
i=1

19



such that the constraint

N
I(u,v) — Za,-I,-(u,v)
i=1

min
a;
is satisfied.
2) Compute the surface reflectance quotient

diag(S?, (u, v)) = Ty(u, v)/F(u, v).

3) If the re-rendering coefficients, §;, are not specified, compute §; such that
2

N
minlf.—zﬂghl
LR e

4) Construct the second basis object imsge, (u,v), under the desired illumination
condition
~ N -
Ir(us v) = Zﬂih(“! ‘V)-
i=1

5) Construct the re-rendered image, f.(u, v), under the desired illumination condition -

using the surface reflectance quotient
Luv) = 87 (v, v)1p(u, v).

3.2 RE-RENDERING BY EXAMPLE

The surface reflectance quotient can also be used to synthesize a new image of a class
object, T (u, v), under the same illumination conditions found in a second, or illmination
example, image, f,(u, v). In order to recreate the lighting conditions in L(u, v), the re-
rendering coefficients, 3;, for the generation of the second basis object image, I, (u, v), must
be computed such that the constraint

min
[:A

N
L(u,v) = ¥ Bifi(u,v)
=0

20



is satisfled. Once these coefficients have been determined, the second basis object image,
I,(u,v), can be generated using equation 3.1, and the synthesized image, ,(u,v), can be
constructed using equstion 2.12. This process 1s defined as re-rendering by example, or
illumination matching. An outline of the rerendering by example algorithm is provided
below.

Re-rendering by Ezample Algorithm
1) Calculate the first basis object image

N
Ir(u,v) = Zai[i(u’ v)
=1
such that the constraint
2

I%iin L(u,v) — g:aii;(u, v)

i=1

is satisfied.

2) Compute the surface reflectance quotient
diag(8¢,(,v)) = f(u,v)/ (u, v).
3) Calculate the re-rendering coefficients, 3, such that

e

4) Construct the second basis object image, Jy(u, v), under the new illumination con-

N
L(u,v) - 3 Aiki(u,v)

=0

.

dition
N
Ir(u’ v) = Z 43:'1:(“’ 1))-
=1

5) Coastruct the re-rendered image, f,(u,v), under the new illumination condition

using the surface reflectance quotient

I, (u,v) = 82,,.(u, v)Ir (4, v).
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3.3 EXPERIMENTAL RESULTS

The two image synthesis algorithms that employ the surface reflectance quotient have
been evaluated using two image sets. The first experimental group contains images of syn-
thetic spheres rendered under different known light fields. The basis set for this object was
created using a series of untextured spheres as shown in figure 3.1. The second experimental
set consists of various real color images of buman fates. For this set, two different basis sets
were used. The basis set shown in figure 3.2(a) was created using an actusl human face
under varying illumination conditions. To further generalize the class, the buasis set shown
in figure 3.2(b) was created using & manequin head under varying illumination conditions.
The faces in these images were manually aligned uding the tip of the nose as a guide.

Figure 3.3 shows various images synthesized using the custom re-rendering slgorithm
described in sections 3. Note the objects’ surface textures are maintaitied even though the

basis sets were constructed using anly one object.

Image synthesis results obtained usingthem—rénderinsbyemmpleprwess are shown
in figures 3.4 and 3.6. The top rows in each of these figures show the original example
images that were re-rendered, while the second rows present the illumination examples
employed during the synthesis process. The images produced by the example-driven re-
rendering process are displayed in the final row. Thegllumination fields for the corresponding
illumination example and re-rendered images are qualitatively equivalent.

To quantify the synthesis accuracy of the re-rendering by exsmple technique, the al-
gorithm was applied to two images of the same object taken under different illumination
conditions. Under these conditions, the re—rendered. image should be equivalent to the one
used to reconstruct the desired light field. Randomly selecved results from these trials are
shown in figtire 3.6. For each pair of illumination example and synthesized images, both the
mean color distance betwiest: pisels and the mean pixel error relative to the \lumination ¢x-
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Figure 3.1: Basis 1mageset for sphere class.



(b)

head.



Figure 3.3: Images synthesized using the custom re-rendering algorithm.
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Original Images

Figure 3.4: Images synthesized using the re-rendering by example algorithm.
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Original Images

Figure 3.5: Additional images synthesized using the re-rendering by example algo-
rithm.
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Original Images

Image A | Image B | Image C
Mean Color Error (RGB Units) 6:24 258 5.54
Difference from Illumination Example Mean | 5.83% 2.47% 3.96%
Image D | Image E | Average
Mean Color Error (RGB Units) 4.59 4.60 471
Difference from llumination Example Mean | 3.29% 3.40% 3.79%

Figure 3.6: Images synthesized using the re-rendering by example algorithm with the
illumination example and example images being of the same object for mean color

error calculation
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ample mean value were computed and shown in the table of figure 3.6. The mean color error
of 4.71 units in the standard RGB color space and difference from the illumination example
image mean of 3.79% across the five tests demonstrate the ability of the new algorithm to
accurately synthesize new images.

The development of the surface reflectance quotient, as well as the re-rendering algo-
rithms, was performed with the assumption that the shape of the class object is constant. To
determine the effect of violating this assumption, the re-rendering algorithm was performed
on an object that does not belong to the class of human faces. This test was performed
by attempting to reilluminate the sphere shown in figure 3.7(a) using the manequin head
basis set of figure 3.2(b). Due to the variations in shape between the imaged object and
this basis set, the resulting image shown in figure 3.7(b) is shown to be an undesirable and
highly inaccurate reconstruction of the original image.

The requirement of image alignment still holds for this re-rendering technique as with
previous methods. To determine the degree of error caused by poor image alignment,
the re-rendering algorithm was applied to a series of images with increasing degrees of
misalignment in both the horizontal and vertical directions. These images may be observed
in figure 3.8(a). The resulting images, shown in figure 3.8(b), demonstrate that proper
image alignment is necessary to obtain proper results. With smaller misalignments, the
errors are evident as parts of the image being “erased” due to the fact that these parts
of the images are no longer aligned with the basis object. However, as larger degrees of
misalignment are encountered, more errors begin to appear as features on the basis object
begin creating artifacts in the reilluminated images. The mean color error between the
properly aligned synthesized image and the misaligned synthesized images was calculated
in RGB units, and the results may be observed in figure 3.9(a). These values were also
plotted against the degree of pixelwise misalignment as seen in figure 3.9(b). As noted
above, it may be observed on this graph that the error between the properly aligned image
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(a) (b)
Figure 3.7: Sphere rerendering test: (a) original image and (b) re-rendered image.
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| ‘I.I.l

(a)

Figure 3.8: Misalignment test! (a) original images with progressively worse misalighs
ment and (b) re-rendered images.
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aud the misaligned image {ncreases with the degree of pixelwise misalignment,

In addition to the effect of image misalignment, it is also desirable to examine the way in
which a synthesized image may be affected by reducing the size of the basis image set below
the minimum number of images required to span the space of all possible illuminations.
To show this effect, an image was re-rendered with progressively smaller image databases
from 9 images to only a single image. The results of this test may be seen in figure 3.10.
The image in figure 3,10(a) is the original image used for this test, and the image shown in
figure 3.10(b) is the re-rendered image obtained using & basis set of 9 images. The results
of reducing the sige of the basis image set may be seen in figure 3.10(c). The number of
basis images used to synthesize each image in this set has been reduced from 8 images in
the case of the first image to anly 1 basis image in the case of the final image in this set.
As expected, the gynthesized image began deviating farther from the desired result as the
number of basis images was reduced. In the case of only 1 basls image, it may also be
noted that the resulting image ig simply & scaled version of the original image shown in
figure 8.10(a). This is shown in figure 3.11. The histogram shown in figure 8.11(a) is that
of the ariginal image shown in figure 3.11(a), and the histogram shawn in figure 3.11(h)
is that of the syntheaized image obtained when anly a single hasis set image is used. The
histogram shown in figure 3.11(b) may be seen to be a stretched vasion of the original
histogram shown in figure 3.11(a) showing that the result of the image synthesis process is
a cantrast stretching operation performed on the original image.

To quantify the error produced by a basis set of insufficient size, the mean color error was
calculated hetween the image shawn in figure 3.10(b) and each image shown in figure 3.10(c)
in RGB units, These results may be seen in the table in figure 3.12(a). Additionally, these
error values have been plotted versus the number of basis images used to synthesize the
lmage. This plot may be seen in figure 3.12(b).

33



-
Figure 3.10: Basis set reduction teat: (a) Original image from basis set reduction

tests, (b) synthesized image obtained when using 9 basis set images, (¢) synthesized
Images abtained by using progressively smaller basis sets.
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Figure 3.11: Basis set reduction histogram comparison: (a) Histogram of the original
image used in the basis set reduction test, (b) histogram of the synthesized image
obtained with a basis set of a single object.
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CHAPTER 4

OBJECT RECOGNITION ALGORITHM AND EXPERIMENTAL
RESULTS

The mathematical framework discussed in Chapter 2 for the development of the surface
reflectance quotient provides the basis for a color object recognition algorithm. The benefit
of this recognition algorithm is due to the fact that the surface reflectance quotient allows
the task to be performed without the errors associated with variations in illumination.

The process of object recognition is performed by comparing testing object, I3(u, v), with
a database of known objects, I}(u, v) for j = 1...M where M is the number of objects
in the database. The illumination invariant property of the surface reflectance quotient
provides a means of performing this task while avoiding the errors associated with changing
illumination conditions. Used as a signature image, the surface reflectance quotient may
be used to test the example image may be against this database of known objects for
classification.

The surface reflectance quotient of the image of the testing object, S7,.(u,v), as well as
those for the image database, S, (u,v), may be calculated using equation 2.11. In ideal
circumstances, the testing object would be recognized as the object imaged in the database
with an identical surface reflectance quotient to that of the testing object. Therefore, the

testing image may be taken to be of the same class as the database image that satisfies
SZ,(U, v) - S?,r(‘u, v)=0 (4.1)
where O is the zero matrix. However, due to slight misalignments, the requirement of
equation 4.1 can not be met. To accomodate for alignment issues, the root mean squared,
or RMS, error between the intensity of the testing image and that of each database image

is calculated. The testing image is then taken to be of the same class as the database image
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providing the minimum RMS error.

The RMS errors between the image of the testing object and those in the image database
are calculated using the following technique. The mean squared error between the surface
reflectance quotients may be calculated as

Z (Sfr(u,v) S; r(“’”)l (42)

u=1,u=1

where m is the number of rows in the images and n is the number of columns in the images.

The diagonals of E; may be vectorized to form
Epe = ding(E;) (43)

where E;’”‘ (r7*¢, ge, b’7”°)T is the column vector representing the mean squared error

in the red, green, and blue channels. The RMS intensity error may then be calculated as

= v/r;n“ +g'j‘7:u s b"'ﬁ (44)

s
]

The following object recognition algorithm employs this method to determine the min-
imum RMS error. The database object corresponding to the minimum RMS error is then

taken to be a representative of the testing object’s correct classification.

4.1 OBJECT RECOGNITION ALGORITHM

To perform the task of object recognition, the user must provide an input image, E(u, v),
of the given class object under test. This test image is to be compared to a database of
images of known class objects, I} for j =1...M and M is the number of images in the
database. This is done by first determining the surface reflectance quotients of each of these
images. The surface texture of the test object may then be compared to the textures of each
database object by calculating the root mean squared, or RMS, error between the surface
reflectance quotients of the test image and each database image. The test object is then
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taken to be the object represented in the database image carresponding to the minimum
RMS error.

The object recognition algorithm is outlined below.
Object Recognition Algorithm
1) Calculate the first basis object image based on the input image

N
I-;-(U, ‘U) = Z:aij;(u" ‘U)

i=1
such that the constraint

N 2
Li(u,v) = Y auli(u,v)
=1

min
(£

is satisfied.

2) Calculate the basis object images based on the database images

N

Fi(w,v) = Y A v)

i=1

such that the constraint

2

N i<
Ii(u,v) - Y Bl Ei(u, v)

=1

min
2
1 3

is satisfied for j = 1 ... M, where M is the number of objects in the database.

3) Compute the surface reflectance quotient of the input image
diag(87,.(u, v)) = Te(u, v)/Ir(u, v).

4) Compute the surface reflectance quotients of the database images
diag(8], (u, v)) = Ij(u,v)/Irj(u,v)

forj=1...M.
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5) Calculate the mean squared error vectors
B> = diag(E;)

for j =1...M, where E; is the mean squared error matrix defined in equation 4.2.

6) Calculate the root mean squared error

e [T 4 gRoe 4 be)
] =v/1 _13 %

forj=1...M, where rJ*¢, g7**¢, b7** are the red, green, and blue channel components
of E;"“, respectively.
7) Find jmin corresponding to min(emms,;) forj=1...M.

8) Assign image I(u,v) to class jmin-

4.2 EXPERIMENTAL RESULTS

The object recognition algorithm was evaluated using the image sets shown in figures 4.1
and 4.2. Each of these image sets consists of human faces of varied race and sex. The image
set shown in figure 4.1 contains a database of images of known classification. The testing
set shown in figure 4.2 is made up of unclassified images of faces under varying illumination
conditions. Each of the test images corresponds to a face in the image database. Ideally,
the error between the input image and the matching database image should be 0. However,
due to variations in facial expression and slight misalignments, this is not the case.

This algorithm was first tested by using the database example images as test images.
In each of these cases, the error between the input image and only a single database image
was calculated to be 0. This test verified the correct operation of the object recognition
process.

Once proper operation was determined, the object recognition algorithm was tested
using the testing image set. This set contains 66 images of human faces of varying age,

40



Figure 4.1: Image database for object recognition.
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Figure 4.2: Testing image set for object recognifion.
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face, and sex under arbitrafy illumination conditions. The object recognition algorithm
was applied to each of the testing images in, otdet to compare these images to those of the
database image set for classification. The results of this test showed 60 correct classifications
with only 6 errors. Using these results; the sccuracy rate of the object recognition algorithm
was foiiid to be 90.9%.:

Although this object recognition algorithm has been shown to have a hight rate of ac-
curacy; this does not show that this technjque has provided any degree of improvement
ovér direct RMS coinpaiisons of the iinages without illumination compensation. In order
to demonstrate this; the outlined object recogiitioni algorithin was perforsiied Without the
calculation of the surface reflectanice quotients. In this test, the RMS error was determined
between the input image and each image of the databsse. This algorithm was tested using
the same testing image and database image'sets. This resulted in only 44 correct classifica-
tions with 22 misclassified images. Using these restults, the accuracy rate of this recognition
algotithin is calciilated to be only 66.7%: This shows that the object récognition algorithm
has provided a 24.2% increase in accuracy over fhe same algorithm performed without the
advantage of illumination invariance. |

Eitots in this object fevognition techiiigiie fay occiif dié to misalighineiits; varying fa-
cial expressiois; of close similarities befween facial features: Fhe images shown in figure 4.3
were misclassified it the test discussed above. The misclassification of image (&) is most
likely due to the very close similarity between the test image and the database image for
the erroneous classification. Although this image may be recognized as belonging to the
class shown in the proper classification; it ¢an also be noted that this image looks diiite
difbilar fo the erronéoiis class: The misclassifications in images (b); (¢); and (f) appear
to be caused by lafge misaligninent between the testing images and the image database.
These misalignments cause large offsets in the calculsted RMS etror values. Due to these
offsets, the error between the testing images and the corresponding database images is no

43



Testing Twages

’ rroneoI Classifications

Proper Classifications

() (b) (€) (d) (e)
Figure 4.3: Images misclassified by object recognition algonthxn




longer guaranteed to be the minimum calculated efror. Image (¢} also displays a degree of
misalignment due to a turned head, but it also shares the feature of a variation in facial
expression with image (d). These variations in facial expression cause misclassifications in

the same manner as misalignment.



CHAPTER 5

SUMMARY

Through the construction and use of the surface reflectance quotient, the class-bssed
¢olor images of class meinber objects as théy woild appear iinder spatially and spectrally
varylng illumination conditions. Unlike the common generative approaches to class-based
image re-rendering, high quality images can be created using these new techniques given 4
simple basis set of at lesst nine images constructed from & single class object, and minimal
inter-image object alignment.

Two algorithms for image re-rendering using the surface reflectance quotient have been
developed and demonstrated. In the first, or custom re-rendering, algorithm, the desired
lighting condition is specified by the iiser i order to create a synthétic inage tinder a
new, custom illumination condition. i the second, or re-rendering by example, process;
the original image is re-rendered such that the new image’s light fleld matches that of an
illumination example image.

The construction of the surface reflectance quotient hass also provided the basis for
developing an illumination invariant technique for color object recognition. In performing
this tesk, the surface reflectance quotient is used as an illumination invariant signsture imsge
for each object iiiider test. By eliminating the effects of variations in lighting, the cotiiparison
process inay be perforined based oni the surface texture of the test object and those of the
database objects. An algorithm for this recognition technique has been developed and
demonstrated with highly accurate results.

There are a number of areas in which the work discussed in this thesis may be extended
in the future. The proposed re-rendering technique does not sllow for proper rendering of
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specular reflections in synthesized images. Therefore, a linear model for specular reflection
would lead to the ability to create more accurate re-renidered images. Also, the ability to
add cast shadows into reilluminated images would incresse the reslism of this re-rendering
technique: This could be accomplished through the use of shape recovery methods or
poegibly throtigh a linear combination of images. Shape recovery techniques would also lead
to a method of automatifig the choice of the proper basis set fo be used for re-renidering
rather than leaving this choice to the user. The object recognition algerithm may also be
compared to other reparted techniques.
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