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ABSTRACT 

The process of creating a synthetic image of a given example image under arbitrary 

pose and illumination is known as image synthesis or re-rendaring. Existing class-based re­

rendering methods require large basis image sets and accurate pixel alignment for accurate 

image syntheals. In addition to thiat these synthesi8 methods have focused primarily on 

gra�scale images, Based on the n.c,wl concept of sudace reflecta.nre quotiemst two new 

image synt�s �ues h$ve �n develo� that prod� his}l q\1$,lity imag� given 

only a smell image set constructed using a single b&Sis object. 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 a.nd classw.ed against a set of koo.wn. objects. In such 

t$$ks, varit\ti()ll$ in illumin$tion oonditions U1$y cat.1$e diffletaties in prooqdng t\ corr«t 

match. The strength of the object recognition �ue based on the calculation of the 

surf�e reflectance quotient will be shown to 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 aMOdated with variations in lightingt The operation of 

this object recognition technique is dem.onstra.ted through the use of a mmge 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 preserve all facets of the lighting environment. 

F igure l.l(a) was pro4uced by overlaying one person's face onto a second person's body. 

Because the illumination etlvfronments qf 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 original body's, the edit is made much less 

noticable as shown in Figure 1.l(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 

(a) (b) 
Figure 1.1: A person's face· inserted into a scene (a) without illumination matching, 
and (b) with illumination matching. 
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(a) 

(b) 
Figure 1.2: Human recognition examples: (a) Four images of a single face under 
varyltig lllumination conditiolls and (b) cottespondlng image wtensity hlstogta.tti8 
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distinctive features, and/or a mechanism for illumination equalization. Thus, the secondary 

g6al of the work tm,senood was to develop a.ii object �tlon algorithm based on Hltifiii:: 

nant equalization, 

The process of generating two-dimensional images of three-dimensional objects under 

arbitrary pose and illumination conditions is known as im�based re-rendering or image 

syntbfflis. There are two methods for performing this task. The t1rst of these methods is to 

exr,llcltly recovet the shape, tefloota.noo, and illtiiiiination ooiiditions of the imaged object 

in order to re-render &n&lytic3.Uy, The second toothoo taxeg Miwntage of too linear natur� 

of the lighting condition by crtmting arbitr1ty illumination conditions bMed 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 generative approach. A gray scale 

hnage may be �ed iiiathematically as 

l(u, v) = a(u, v)n(u, v) • n8(u, v) {1.1} 

wher� Q(u, v) is the albedo of the imaged objoot, n(u, v) is a 3 x 1 vector repr�ing the 

illumination direction, and n,(u, v) is a 3 x 1 veci:or 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 imag83 of the given object. This new image 

may be written as 

1,(u, v) 2!!!! E w,J,(u, v) 
i=l 

- E w,acu, v) [rt,cu, v). rt,(u, v)1 
i=l 

· <= at(u,v) (�w1fl.(u,v)) •ff;(u,v) (1.2) 

where Wt,�,, .. , Wm ate the scalM weighting coefficletifarj of lliiagee 11 ( u, tJ) ... Im( 1.ts'U}, 

H&llin&n [l) 311d others {�, 3) have shown tMt thig im&ge m&y be genert\ted Vi& a weigbtM 

3 



sum of at least three basis images of the object, In eacll of these cases, it is necessary to 

create a basis set of hnages with lineatly independent lighting ronditioiis fot each objMt to 

be re-arendered. Although this process may lead to highly accur&te re!ultH, all �utk>m are 

unique to a single object. The custom illuminated objects in Figw-e l.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 l.3(c), from the same basis set, the resulting 

image is tdmply a new ctistoiii illtiiiiliiated image of the original basis object, Figure L3(c), 

The requirement of creating a basis set of images for each unique imaged object places 

a limitation on the practical use of Hallinan.ts �rendering method. When applying this 

reilltiminatioo techiiique to htimati faoess this limitation may be seen, If it is desired to have 

the a.billey oo tclllUm.iiiate a.tty httitiafi face, it wotild M n� oo cte�te an imag� library 

consisting of throo imag@ of eacli· person in the world. Toor�fore, 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 ord� to make the generative method of image synthesia more tr�table, 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 clSBs-based approodies, objects are SBsigned to groups 

based 6fi similar l)topeftiea, such as shape 6r textme, and a sifigle basis set ls c6fistructed 

for eM:11 grout), For EOOUnple, If ruJ. humM f� M"e M8tltt1M to htLv� A})f)l'OxlfflAt�ly th� 

same shape, one basis set could be constnwted for tM genetation 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 lacial textures, inareurate reconstructions 

result; As an unfortunate result; the performance cl class-based re-rendering approaclies 

d�grade!l quickly if bMiPi �s Me created that are too �mall to 5pa.n the space of similar 

object propettie8 (i.e. skin te�ure w.rl&Uom on hum&n f�)1 &nd the pl�l-\Vi8e &lignment 
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(b) 

�) �) 
Figure 1.3: Ha11ioao 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. 
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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 propa-t;ies, 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 

cl888, the requirement placed on the s� .of the basis set is set by the siz� 9( the images 

in the set. Given an image that is 100 x 100 in �' Vetter's approach requires a basis set 
• ]l --1 ,f 

of only 10,000 images. Although this basis set is still quite 
1

dM6ilt to construct, this is a 

great improvement over the previous approach that req'dirid a set of 18 bilUtnUmages. 

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 bas'� 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 fiat, 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 
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(a) 

� � 
Figure 1.4: Vetter re-rendering technique: (a) basis set, (b) original image, and (c) 
reconstructed image 
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(c) 
Figure 1.5: Shashua re-rendering technique: (a) basis set, (b) example images, and 
( c) re-rendered images 
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weighting coefficients. Although the images in Figure 1 .5(b) are of the same person, 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 enviromnents, 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 r&-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 fiat illuroioants in order to in.crease 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 

seoond 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 baBed 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 data.bsse 

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 surfare 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 illuminants. 

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 88 well 88 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. 
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CHAPTER 2 

THE SURFACE REFLECTANCE QUOTIENT 

For color images, the apparent image intensity vector of a point on a three-dimensional 

Lambertian surface, f( u, v) E 'R3, can be modeled using the expression 

i(u, v) = S(u, v)L(u, v)n(u, v) {2.1 } 

where S(u, v) E 'R,3X3 is a diagonal matrix which represents the surfoce reflectance function, 

L(u, v) E 'R3x3 is the illumination function, and n(u, v) E 'R3 is the surface normal map 

of the imaged object [12] . ff 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 

f(u, v) = S(u, v) (ta.L;) il(u, v) (2.2} 

where Oi • . •  O.N are scalar weighting coefficients. 

H 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 � dim(L} = 3 x 3 = 9 images 

i{u, v) = I:(aiS(u, v)Lin(u, v)) 
i=l 
N 

= L Oil(u, v) 
i=l 

{2.3} 

which is the weighted sum of known images, -l( u, v ) , of objects in the class. Thus, any 

image of a class member can be synthesized by determining the proper coefficients, ai ,  such 

that 

� 11l - t a;i;
(u

,
v

f 
{2.4) 
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is satisfied. To calculate the proper values of Oi that satisfy equation 2.4, the basis images, 

.t;(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 ai as the lea.st 

squares estimate 

(2 .5) 

where 

(2.6) 

is the pseudoinverse of A, and jj8 is the column vector containi.Dg the elements of I; ( u, v ) .  

Approaches to 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 dffiefibed 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. H 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 

l,(u, v) = (f 1;S;(u, v)) (ta.L;) n(u, v) 
1-1 t=l 

(2.7) 

While a linear solution exists for solving equation 2.7 for the appropriate coefficients 'Y; and 

Oi such that the constraint 

min l lf(u, v) - �(u, v) l l2 

1',a 

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

span the linear solution space of dimension NM. 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 increase 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 

clBBses, such as re-rendering of the human face. 

It is possible, however, to construct an illumination invariant representation for ea.ch 

class member in the presence of surface reftectanoe 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 f.( u, v) and 4 ( u, v) � images of two member objects ta.ken under the same lighting 

oondition, 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-
1 (u, v)f{u, v) = Ln(u, v) 

the relations for l{u, v) and l,.(u, v) may be written as 

s; 1(u, v)t(u, v) = Lns (u, v) 

S;:-1 (u, v)lr{u, v) = Ln,.{u, v), 

(2.8) 

{2.9) 

From this result, the following illumination invariant relation between the two images may 

be derived, 

s;1 (u, v)l(u, v) = 

f.(u, v) = 

1 -
s; (u, v)I,.(u, v) 

1 .,,. 
Sa (u, v)S;- {u, v)I,.(u, v) 

= S!,,. (u, v)l,.(u, v) {2.10) 

where S!,,.(u, v) E 'R.3x3 is a diagonal matrix defined as the surface reflectance quotient of 

S,(u, v) and S,.(u, v). Because Sj,,.(u, v) is diagonal, its entries may be calculated using the 

expresmon 

diag(S!,,.(u, v)) = l{u, v)/4(u, v) 

14 
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which is the element-by-element division of t{u, v) and l,.(u, v) . The images in Figure 2.1 

are surface reflectance quotients of various face images constructed using the expression in 

Equation 2.1 1 .  Due to the lack of the illumination component of the original images, the,se 

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 l(u, v) can then be 

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

is(u, v) = S!,r(u, v)i,(u, v) 

= Sa(u, v)S;1 (u, v)Sr (u, v)Ln(u, v) 

= S.,(u, v)Lil(u, v) . (2. 12) 

Thus, images of class members can be synthesized wider any chosen illumination condition 

using the surface reflectance quotient, given that images of one class member under all 

�ible lighting conditions are available. 

While it may be possible to construct an image set for one object in the class that spans 

all desired illumination conditions, the generative approach to image synthesis provides 

a more ,rfictieal alternative for construction of images that belong to this illumination 

spanning set. Consider the problem of trying to reconstruct the image, ,l ( u, v ) ,  using the 

generative approach given a basis set consisting only of images of the second object with 

surface reflectance Sr (u, v) . The weighted-sum solution, 13{u, v), would be such that 

i(u, v) = L Oil(u, v) 
i=l 

- S,(u, v) (ta.L;) iicu, v) 

= Sr(u, v)L(u, v)tlcu, v) 

= l-(u, v) . (2. 13) 
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Figure 2.1 :  Surface reflectance quotients £or various human taces. 
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Hence, the basis object image, f,(u, v), required to oonstruct a surface reflectance quotient 

for a given image f. ( ut v) can be computed using a basis hDage set of at least nine images 

of a. 8lngle object under Mo� HlumlMtlon fteldg, 

The secood im�ge of the b$8is ob�, ir(u, v), l'�uirtd to synthad� new imag� under 

varyinc illuminants uaing the surface reflecta.nee quotient can alliO be constructfld from 

the basis set. Two algorithms will be presented that employ two altema.tive- methods for 

the construction of Ir ( U; v} using either a user-spewloo lighting en.vironment or a. seooud; 

illumination ex&mplt! lmAgt of a mtmber objtct. 
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CHAPTER S 

RE-RENDERING ALGOR.rl'HM AND EXPERIMENTAL RESULTS 

crooting algorithms for the process of image synthesis. Re-rendering using the surface 

reflectanoo quotient can be accomplished either through user-speclflcation of a custom illu­

mination fleld or tbJ;ough ilh1minat.ion matduug� 

s.1 CUSTOM 1\E-RENDEI\ING 

To perform image syntbfflis under a custom ligb.t .. fiek}� tlw user de!ines a set of re­

rettdtl'lng ooefflclettb, /1,., £tom whicli the reqUited bAsis object itt11g�, J,.(u, v), li4 ®bStrucled 

lr(U, v) = I; Al(u, tt) , 
4=t 

(:tt) 

The synthesized image can then be computed using equation 2.12, given the surface re-

ftectance quotient. This process is known as re-rendering by custom specification. 

As an alternative, this algorithm can compute the necessary coefBcients, /J4, given a 

specifled illumination function, t, if the illumjoant functions, �' are known for the basis 

$et, This is done by det�•nlng the M=� coofBGiefits thai satisfy 

t = Efii�. (3.2} 
i=l 

In order to calculate these coeft'lcients, the basis set illumination functions, Li, and the d&-­

sired synthetic illumination function,. t, must be 'ffletorized� Given an. illum.ination function 

of the fotul 

(3.3} 
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its vectorized form may be cslcu1ated as 

£= 

lt,t 
l2.1 
l:.11 
Zt,2 
l212 
,312 
h,a 
12,3 
l3,3 

(3.4) 

Once the wctorized furms of the illumination functions have been determined, the matrix 

X @  "R9>tN UlE\Y be formed as 

(3,5) 

with oolWiWB oottt&itilng each or the vectorized basis set Hluminants, li, It tnay now 

be shown that tlw deHiroo 1lluminatwn oonditkm, l, may � obtainoo from tM &Mtrix 

multiplication 

(3.6) 

where � (:: 1i N)( 1 contains the r&--rendering coefficients /11, �' . . .  , /1N. From this aiuation, 

it may be seen that the re-rendering ooetficlent wctof; Pt IWW be determined as 

(3.7) 

where TN' G 'R,NxN is the pseudoinverse of I calculated as in equation 2.6. The re-rendering 

coefficients contained in /1 may then be used to synthesize a new image with the desired 

illumination function t. 

C'UJJtom .Re-rendering .A.lgoriUim 

1) Calculate the first basis object Image 

l,.(u, v) = E a..I4(u, v) 
i=l 

19 



such that the constraint 

is satisfied. 

2) Compute the surface retlectanre quotient 

diag(S!,r (u, v)) :I!!! i';(u, v)/f,.(u, v). 

3) If the re-renderwg coefllcients, A, a.re not specifted, compute {3;, sucll that 

min 1· 1L - E /Ji�ll

2

• f:I, .. i=l 

4) Construct the second basis object image, i,.(u, v), under the desired illumiuation 

condition 

i,.(u, v) = E .Bil(u, v) . 
�l 

5) Construct the re-rendered image, 18( u, v), under the desired illumination condition 

using the surface reflectance quotient 

... ( q >
"' 

r. u, v) = s.Jr(u, V I,.(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, i.(u, v), under the same illumination conditions found in a second, or illumination 

example, image, l(u, v). In order to recreate the lighting cODditioos in l(u, v), the re­

rendering coef:llcients, /Ji, for the gen«atkm of the second. ba8J$ object image, i,.( u, v), must 

be computed such that the constraint 

nw llt.(u, v) - tM(u, v) II 
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is satisfied. Once these coeftlcients have been determined, the second basis object imJge, 

i, (u, v), can be getierated using equation 3.lt and the synthesized ii_nage, i,(u, v), can be 

constructed using equation 2.12. This process is defined as re-rendering by example, or 

illumination matching. An outline of the re-rendering by example algorithm is provided 

below. 

Re-rendering by Example Algorithm 

1) Calculate the first basis object image 

ls satisfied. 

l,.(u, v) = E 04i;(u, v) 
1=1 

n::J.r.cu, v) - t Ui.r.{u, v) ll
2 

II ,�1 

2) Compute the surface reflectance qootient 

diag(S: ,(u, v)) = l(u, v)/ l,.(u, v). ' 

3) Calculate the re-rendering coefficients, A, such that 

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

dition 

ir(u, v) = E 1.1J;(u, v) , 
i;;l 

5) Construct the re,.,rendered image, l,(u, v), under the new illumination condition 

using the s� reflectance quotient 

i,(u, v) ;:;: Sf,,.(u, v)ir(u, v) . 
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3,3 FJXPERIMENTAL RESULTS 

The tw� itn&ge synthesis algorithms that empldy the surfaoo reflootMee quotient h&ve 

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 WBB 

created using a serle8 of unte,r;tured spheres as sh.OWll in ftgttte a.1. Th_e seoon.d experltnen_tal 

set oopsh,ts of various � color 4nages of �an fab,s. For this sett two different basis sets 

were used. The bM18 get ghown ln figure 3.2(&) WM cr�ted using an flcltw hunwt face 

under varying illumination condition&. To further generali� the clue, the basis set shown 

in ficure 3.2(b) was created using a manequin head under va.ryinl illumination conditions. 

The £aces in these image1 were manually aligned using the tip ot the nose as a guide. 

Figure 3.3 iiliow8 Wll'loU! lm&ge8 8Yflthemzed 1.l!lng the c\l!tom re-rendering algorithm 

described in S(l(!tion 3. Note the object8' surface textures are maintained even though the 

basis sets were constructed usi111 only one object. 

�e synt� results obtained usblg the �te1'd� by example proooss are � 

in figures 3,4 and 3,5, TM t()fl row8 in eMh of i� figures show ihe original �pie 

images that were re-rcmdered, while the � rows present the illumination exsmples 

employed during the synthesis proce&s. The images produced by the example-driven re-

rendering process are displayed in the final row. The illumination fields for the corresponding 

illumination example and r�rendered images are qualitatively equiwlent. 

To quantify the synthesis 3CC\lf&cy of the re-rendering by exrunple technique, the aJ... 

gorithm W88 applied to two images of the same object taken under different illumination 

ronditions. Under tha;e oonditions, the re-rendered image should be equivalent to the one 

used to reconstruct the desired light field. kandomly selected results from these trials are 

shown: ll\ figure 3,6, ]for each. r,att of muminatiott example � �� lt;I)age8t both the 

mean color dl11t� between pixels And the mean pixel error relative to t� lllwnlnatlon a-
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Figure 3.1: Basis image set for sphere clus. 
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Figure 3.3: Images synthesized using the custom re-rendering algorithm. 
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Illuminatiol! Examples 

Figure 3.4: Images synthesized using the re-rendering by example algorithm. 
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Figure 3.5: Additional images synthesized using the re-rendering by example algo­
rithm. 
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A B 

Original �a_ges 

C D E 

Image Image B Image C 
6;24 2'.58 5.5 

s·:sa¾ 2.47% 3.96% 

Units .59 4.60 4. 71 
Difference from illumination 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 oomputed 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 in8ccurate 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 synthesi7.ed 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 pixel wise 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: Sphem remndering tMt: (a) original image and (b) r&-mnd@md image. 
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(b) 
Figure 3.8: Misalignment test: (a.} original images with progressively worse misalign­
ment and (b) re-�ndered images. 
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and the mli&Ugned lmage lncreasca with the degree of plxelwlae misalignment, 

In addition to the elect of image mbu1Jignment, it l• uo deJlrable to examine the way in 

which (l iJynth�izoo iDU.lgt; m,y � ,µf�� by N:dooing the �t: Qf the b�iij imJge � �QW 

the minimum number of images required to span the spare o£ all pmsible illuminations. 

To show this effect, an image was re-rendered with progressively smaller image databases 

from 9 hnagM to only a single image. The testilte of this test may be seen m figure 3.10, 

The image in figure 3.10(a) ls the original image \lied for thli teat, and the image shown in 

fi..8\lre 8�l0(b) i� th� �rend� imqe obtNne4 lffliP.8 " bNi� $et of ij imq�� The �ult$ 

Qf. r�q�ing th(' �z� Qf th� � im�(' �t m�y b� �n in figqr� 3.lQ(�) . Th� ntJlllh�r Qf 

basis images used to synthesize ea.ch image in this set has been reduced from 8 images in 

the case of the first im� to only 1 bBBle image in the case of the ftnal image in this set. 

� �ed, the 1ynthetdzed 1lnage began deViatlng farther from the dm1ired ffl!ult as the 

number of bul• lmag� WAS reduced, In the cue of only l bNli im�, it may Al� be 

notfXl t�t the �ulting im,ge ifl $imply J ��� �ijiQil Qf t� Qrlgintu imJge �hQWn in 

�e 3.lO(a). This is shown in figure 8.1 1 .  The histogram shown in flgure 3.ll(a) is that 

ot the original image shown in figure 3.1l (a), and the histogram shown in figure 3.ll(b) 

le that of the synthesized image obtained when only a single basis set image le U800. The 

histogram shown in figure a, ll(b) may be seen to be a stretched version of the original 

histogrND :thown in flgure 3,ll(a) �bowing that tM �ult of the imJ.ge syntlw8is � 1, 

� (X)Iltr�t ijtr�t(mll8 Q��tiQD p�r-fQrmaj Qll t� Qrl� im�ge. 

To quantify the error produced by a basis set of insufficient size, the mean oolor error was 

calculated between the image shown in figure 3,10(b} and each image shown in figure 3,lO(c} 

in RGB units, Tlwe resul� may be seen in the table hi figure 3,12(a) , Additionally, these 

error values have been plotted versus the number of bul1 images used to syntheaiae the 

image, Thii plot IDJY be �  in figure 3,l�(b) , 

33 



(c) 
Figure 3. 10: Basil set reduction test: (a) Original image from basis set reduction 
tests, (b) synthesized image obtained when using 9 bMls set images, ( c) synthesized 
Images obtained by using progressively smaller ha.sis S&ts. 
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{a) 

(b) 
Figure 3.11 :  Ba.sis set reduction histogram comparison: {a) Histogram of the original 
iml;\ge used in the basis set reductiQn test, (b) histogr� of t� 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, i;( u, v ), with 

a database of known objects, ij (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 witb 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 reflectanoo quotient of the image of the testing object, Sf,r(u, v), as well as 

those for the image database, S1,r(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 

(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 eacli database image 

is calculated. The testing image is then talc.en to be of the same class as the database image 
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providing the minim.um RMS error. 

The RMS errors between the image of the testing object and those in the image database 

are calculated using the following teclmique. The mean squared error between the surface 

reflectance quotients may be calculated as 
' 2 

E · = � {sf,r (u, v) - S1,r(u, v)) 
1 L..J mn u=l,v=l 

{4.2) 

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 

ere = diag{E.f) (4.3) 

where ere = (rj' !Ire' ure> 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 

,:ma = . frJ" + gj" +"', 
e, V · a (4.4) 

The following object recognition algorithm employs this method to determine the min­

imum RMS error. The database object corresponding to the minjm11m 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, h( 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 �  

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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ta.ken to be the object represented in the database image corresponding 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 

4(u, v) = L Oii;(u, v) 
i=l 

such that the constraint 

is satisfied. 

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

N 

such that the constraint 

ft(u, v) = E/3f i;(u, v) 
i=l 

�,,i;(u, v) - f,/Jf l;(u, v) ll
2 

/ji •=1 

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 

• q ➔ ➔ 

diag(St ,.(u, v)) = lt(u, v)/1,.(u, v). ' 

4) Compute the surface reflectance quotients of the database images 

diag(S1,,. (u, v)) = i; (u, v)/i,.,; (u, v) 

for j = 1 . . .  M. 
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5) Calculate the mean squared error vectors 

E'J'ae 
= diag(E1) 

for j = 1 . . .  M, where E1 is the mean squared error matrix defined in equation 4.2. 

6) Calculate the root mean squared error 

rma - _ /(r';- + ,re  + llje) 
e1 - V a 

for j = 1 . . .  M, where r'J"8, g1e,  b'J''e are the red, green, and blue channel components 

of iJtrt, respectively. 

7) Find jmin corresponding to min( erma,j) for j = 1 . . .  M. 

8) Assign image l(u, v) to class jm,n• 

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 O. 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 

W38 calculated to be 0. This test verified the correct operation of the object recognition 

process. 

Onre 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, 
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Figure 4. l :  Image dstllbase for ubject recognition. 
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racet and sex under atbitt&ty il111tni11ation oonditlooe. The object �tion algorithm 

was applied to each of tM testing ittlag-es in order to compare these images to those of the 

database image set for ciassification. The resuits of this test showed 60 correct ciassifications 

with only 6 errors. Using these results, the accuracy rate of the object recognition aigorlthm 

was totind to be 00.9%; 

Although this object recognition algorithm iw been shown to have a hight rate of ac­

curacy; this does not show that this �que has provided any degree of improvement 

over direct RMS oompansons of the images without illiliiimadon oompensation. Iii mder 

to demonstrate this, the oufliiied object tecogmfwii algonthiii was jietroriiied without the 

�almtl1tion of. the surface rd�tance 4ootient1t In this test1 the RMS error was deterttiliied 

between the input inl� Md each image of the dattilffise. This allorithm WM tested using 

the same testing image and database image-sets. This resuited in oniy 44 correct ciMStftca­

tions with 22 misclassified unages. Using tlee restults, the accuracy rate of. this recognition 

algorithm is calculated to be only oo.7%. This shows that the ob� reoogfiltwn algonthm 

ha.! provided a 24.2% increase in acciitacy over the same algorithm perioimed without the 

adwntap of. illumination inwriMtce. 

Ettots in this object tec6gmtkm tecliliiqtie may occiit due to misalignments, vafyliig fF 

cial �ions, or close similarities between facial feattire!I. The images shown in ngttte 4.3 

were misclassified in the test discussed above. The misda.ssification of image (a) is most 

likely due to the very close similarity between the test image and the database image for 

the erroneous classification. Aithough this image may be recognirA!rl as beionglng to the 

class shown m the proper classillcation, it can also be noted that tills image looks qwte 

siliiilat to the erronoous class: 'the misclassHicatioos m miages (b), (e); and (£) appear 

to be ca� by large misaligt1metlt between the te6ting images and the image database. 

These miswignmetlts cause large offsets in tlw cfJ.lculs.ted RMS error valu�. Due to these 

offsets, the error between the testing images and the corresponding database images is no 
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Figure 4iaz Images misclassified by object recognition algorithm. 
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longer guaranteed to be the minimum calculated error. tme.ge {c) also displays a degree of 

misalignment due to a turnM head, but it also shares the feature of a variation in facial 

expreMion with image (d). These variations in f&ciai expression cause misclassifications in 

the same manner as misalignment; 



CHAPTER 5 

SUMMARY 

Through the comtruction and use of the surface refiectance quotient, the ciass-baseci 

color una.ge synthesis procedures descnbed m this thesis provide the ability to create new 

rolor miages of class member objects as they would appear iliider spatially and spectrally 

wfylttg illumination conditions. Unlike the common gebefative apptOO('.beei to dass=based 

image re-rendmng, high quality images tan be ere&.ted using tlwse new ttrlwiques given a. 

simpie basis set of at ieast nine images constructed from a single class object, and minimai 

inter-image object alignment. 

Two algorithms for image re-rendering using the surface reflectance quotient have been 

developed and demonstrated. ln the first; or custom re-rendering; algonthm; the desired 

lighting oonditioo. 1s specmed by the user in order to create a syntlietfo unage tinder a 

newf custom illt.iminatioo condition. Iii tlie second; or :re-tendering by em:miple, ptocess; 

the original im1g� is re-renderoo suclt that th� ntrW ima.g�'s light field matches that of an 

illumination exampie image. 

The construction of the surface reflectance quotient hass also provided the basis for 

cieveioping an illumination invariant technique for coior object recognition. In performing 

this task, the surface reflectance quotient 1s used as an illumination invariant SJgnature 1mage 

£or each object tinder test� l3y etiroinatmg the effects o£ vanations in lightmg; the oompansoo 

process may be penomied based oo the sunaoo texture of the test object aiid those of the 

databQe objtd:s. An alg-Ot'ithm for this reoognitioo. t�4� hM been developed tmd 

demonstrated with highly accurate resuits. 

There are a number of a.reas in which the work discussoo in this thesis may be extended 

in the future. The proposed re-rendering technique does not aiiow for proper rendering of 
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� teflectionB in synthesized images. Thetefote; a linear model for specular retlectkm 

would lead to the ability to create more accurate re-rendered imag-es. Also, the ability to 

add cast shadows into reiiiuminated images wouid increase the realism of this re-rendering 

techwque. This couid be accomplished through the use of shape recovery methods or 

possibly thtotigh a linear oombmation at images. Shape nmvery tecluuques wotild also lead 

to a method of automating the choice of the proper basis set to be used for tEFteiidetmg 

rather than leaving this choice to th� user. The obj� �tion !ilgorithm may also be 

compared to other reported techniques. 
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