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Figure 1: Three examples of generated images using 25 coefficients.

Abstract ditions. Another method was presented by [Nimeroff et al. 1994],
who used basis images for efficient re-rendering of a scene.

In many applications it is important to perform image-based relight- The PCA method has previously been used to render transparent
ing. That is, to synthesize a scene in various lighting conditions objects (See [Matusik et al. 2002]). In contrast to earlier meth-
without explicitely rerendering the image. This paper proposes an ods the approach presented in their paper computed the principal
efficient compression method, which after a precomputing step al- components for global reflection maps. In [Matusik et al. 2002]
lows an efficient re-rendering of the scene. The best results arean approach similar to JPEG-compression was used. The reflec-
achieved on scenes with a limited number of materials, but it may tion maps were divided into zones of 16x16 pixels and each zone
also be used on arbitrary scenes. In this work images of a staticwas compressed to a small number of coefficients. Another paper
scene are generated and the method is exemplified using a datasety [Epstein et al. 1995] investigated the number of eigenimages re-
of ray-traced images. quired to generate the scene. In this case global eigencomponents
computed from a data set of variably lit images were used. A re-

CR Categories: 1.3.3 [Computer graphics]: Picture/Image Gener- lated approach, the eigentexture method, was described by [Nishino
ation; 1.3.7 [Computer graphics]: Three-Dimensional Graphics and et al. 1999].

Realism—Color, shading, shadowing and texture Another approach, matrix radiance transfer, which also builds on

. o PCA compression of BRDFs was presented by [Lehtinen and Kautz
Keywords: BRDF, PCA, image-based relighting 2003]. In [Ho et al. 2003] a related approach was described. The
PCA method was applied on a set of reference images with the
same view, but with different illumination conditions. However,
in contrast to the method presented in this paper PCA was applied
block-wise. In [Shim and Chen 2005] a statistical approach, which
can be used to compare various methods estimating surface reflec-

Image-based relighting is important in many applications, for ex- tion functions was described. A method related to the approach
ample in the entertainment industry and in flight-simulators. This Presented in this paper was described in [Sloan et al. 2002]. In that
technique is based on methods developed decades ago and the fir@@per the reflection functions were represented using spherical har-
renderings with reflection mapping were performed by [Blinn and Monics. CPCA (Clustered principal component analysis) is another
Newell 1976]. In the years to follow the ideas were developed fur- Way to compress precomputed radiance transfer, which was used

ther by many people and were formalized by [Greene 1986]. in [Sloan et al. 2003]. The algorithm was implemented on graphics
hardware. An interesting method using CPCA can be found in [Liu

A very large amount of work has been performed in the field of re- et al. 2004]. It was used to perform relighting on large models.
lighting. In [Kristensen et al. 2005] a general method for real-time ) ) ) ) )
relighting of scenes was presented. This method used the conceptd! this paper a new reconstruction technique applied on reflection
of unstructered light clouds and clustered PCA to render scenesfunctions is described. The goal of this work has been to develop a
with moving lights and dynamic cameras. Another example is the Simple method, which is fast and efficient. This approach builds on
method presented by [Wood et al. 2000], who used a surface light- the PCA method and is especially efficient for scenes with a lim-
field to generate images of shiny objects at arbitrary lighting con- ited number of textures. For the method presented in this paper the
viewpoint is fixed relative to the object and a set of photographs is
captured while the light source is repositioned for each photograph.
In addition this representation allows a very efficient reconstruction
step due to the linear basis in the PCA method. After a precomputa-
tion step the scene can be relighted in arbitrary lighting conditions.

1 Introduction

*email:BjornA_Olsson@hotmail.com
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*email: andyn@itn.liu.se

By using this method a reflection map can be characterized with a
small number of coefficients. In this paper the method is applied to
still images, but it would be very easy to generalize the method to
arbitrary views by predicting the image appearance for several di-
rections and interpolating the current view. The images used in this
work are ray-traced, but it would also be possible to use captured
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images. In the next section the method is described in detail. The
results and a discussion follows.

2 Method

The method proposed in this paper was applied to one data set
of ray-traced images. After the precomputation and configura-

tion phase it was possible to generate images of arbitrary lighting
conditions without explicitely resynthesizing the scene. The PCA-

method was used to compress the reflection functions to small co-
efficient vectors.

2.1 Principal Component Analysis

The principal component analysis method (PCA for short), also
named the Hotelling transform (See for example Joliffe [Joliffe
2002] or Haykin [Haykin 1999)) is a general method to compress
input data to smaller representations by computing the major com- o o .
ponents of the input-data. This technique is common in statistics asFigure 2: A number of original images for varying lighting condi-
well as in image processing. tons are exemplified in this figure.

The PCA method is used to decompose images into a number of

basis components. The pixels in an image are rearranged into 8This transformation is denoted "' k. The inverse transform
VECtor X = [X3,X%,,...,Xy] Of lengthN. We assume that we have

M such vectors. The transpose is denatéd The mean vector
my is defined agm; = E(X) and the covariance matrix By = N

E((x—mx) - (x—m)T), whereE(.) means the expectation value x=Y k(K)- oK) (6)
of a stochastic variable. The eigenvalue problem is then defined K=1

CxxV = VD, whereV is a matrix with the eigenvectors as columns

andD a diagonal matrix with the eigenvalues along the main diag- In practical applications vectaf is often truncated and only tte
onal. most important coefficients are computed

& PA ™ s defined by

For the resolution needed the size of the covariance matrix becomes ke(K),k=1,....P @
impractical. The size of the matrix can be decreased by using di- ans T

mensionality reduction [Haykin 1999]. Leét be the rectangular |, this case the inverse transform will be inexact

data matrix of sizeMxN. The matrix has the same height as the

number of vectorsNl). The eigenvalue problenGyyV = VD, can —PCA1 g
be written as Ke = X (8)

1 1
m\(TY = mYTYV =VD (1)

The size of the covariance matrix is reduced from a siz&lx¥l
elements to a size d¥fixM elements by multiplying withy’ from

G = 2.2 Precomputing and synthesizing

The method can be divided into the precomputing and synthesizing

the left and changing variabl&¥ = YV. phases:
1 1 Precomputing Reflection mapsRyy, one for each pixel, are com-
—ZYYTYV —YVD = _2YYTW —WD. 2) puted from the input images. These rgflection maps have size
N N QxQx3 elements. The PCA method is used to compress the
We have now computed the eigenvectordinwhich is a sub-space reflection maps to small coefficient vectors, one vector for
of V. To transform them to the original systathis multiplied with each pixel.
Y Synthesizing The scene is relighted for a specific lighting condi-

tion. This is performed by relighting each individual pixel by
using the corresponding reflection function and the lightmap.
By using the PCA approach it is possible to perform the com-
putation much more efficiently.

W=YV=Y'W=YTYV=CwV=YW=VD (3

VD are the eigenvectors multiplied with the eigenvalues. This
scaling-factor does not alter the result since the principal compo-
nents are normalized before usage

— V(:,Kk)

o0 = 2.3 Precomputing
V(:7k) 'V(:7k)T '

4
The initial configuration phase can be divided into a number of

An image is transformed to a coefficient vector by steps:

- Collect data set This method uses a database of images contain-
K(k)=X-@k) ),k=1,...,N (5) ing images of one identical scene lighted by a point source
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with varying direction. The database is used to construct a
method to relight the scene with arbitrary light sources. The
data set can contain either captured or ray-traced images, bu

Transform the lightmap to this specific representation The
original lightmap defining the lighting conditions is rescaled

t to Lyy of sizeQxQ, whereQ is the size of the reflection map.

the best results are achieved for scenes with a limited number

of surface textures. Since this work has concerned synthetic
images, the colour channels are assumed to behave linearly.

Discretize the lighting directions Only the upper semi-sphere is
considered in this work. It is discretized in a limited number
of directions. A circular bitmap image with varying diameter
is used as a model of the reflection map. Each pixel is associ-
ated with a corresponding direction. By using this technique
interpolation artifacts are avoided. The directions are stored
separately to be used in the generating process.

Computereflection maps Each generated image is associated
with a specific direction. For each pixel a separate reflection
map is computed. This is performed by picking one pixel

Precompute the rotated eigencomponents: ¢(1,...,N,1:0:180)
To make the computations more efficient, rotated versions of
the eigencomponents are computed before the calculations.
The angle is discretized in steps of sizeln the calculations
the eigencomponent closest to the angle is used. If the
reflection functions are of a small size the error introduced
will be limited.

Image representation The result will be a coefficient matrix with
P coefficients for each pixel and a data structure with the ro-
tated eigencomponents. In the beginning of the synthesizing
phase the eigen-numbers are computed by using the appropri-
ate lightmap.

from each generated image and locating them in the asso-

ciated positions. The procedure is exemplified in Figure 3,
in which the pixel-information of the images is transformed

to the reflection functions. The reflection matrices are stored
in a 5D data structure (image imagey, r-mapx, r-mapy,

{rgb}).

Rotation of reflection maps All reflection maps are rotated along
their major axes. The colour planes are not rotated individ-
ually, but instead the intensity of each pixel is computed by
| = R+ G+ B. The major axis of the corresponding binary
image is computed by thresholding the intensity levels. Pixels
with I (x,y) > threshold are included in the calculation.

The major axisf is computed by the following method:
o fix=0, fyy =0andfy =0.

1. Ax = x—my, wherex is the currenix coordinate
andmy the mearx position.

2. Ay =y—my, my is the meary position andy the
currenty coordinate.

3. fx = fxx +AX- AX

4. fyy = fyy+Ay-Ay

5. fuy = fxy+AX-Ay

Then perform the following calculations:
o p=—(fy+fx)

o f=-5+\/5-q
e The mean axis will b = {

All reflection maps are rotated to have their major axes in the
same direction. The rotation angles are stored in a separate
matrix, which is used in the synthesizing phase.

Computethe eigencomponents In the next step the PCA method
is used to compute a number of the most important eigencom-
ponentsg,,..., @ from the reflection maps. A large number
of reflection maps is needed to compute sharp components.

Compute coefficients The reflection maps are projected one by
one onto the most important eigencomponents and the co-
efficients are stored. The result will be a coefficient ma-
trix with one coefficient vector for each pixel of the image,
K(1,...,P;1,...,M), whereP is the number of coefficients
andM is the number of pixels.

53

2.4 Synthesizing

In the synthesizing phase the data volume in Figure 5 is used. One
column consisting of a coefficient vector and a rotation vector is
applied to construct one reflection function.

Collect lighting conditions Acquire an HDR-fisheye representa-
tion of the lighting conditions.

Rescaling Recompute the light representation to this specific dis-
cretization. The result will be a QxQx3 matrik,y. In the
synthesizing phase the data volume in Figure 4 is used. One
column consisting of a coefficient vector and a rotation vector
is applied to construct one reflection function.

Algorithm In this section the principle behind the algorithm is pre-
sented. It is described in more detail in the upper row of Fig-
ure 4. One pixel of the resulting image is generated at a time:

1. Generate a reflection functidty, from the correspond-
ing coefficient vectok for pixel (.

P [
Rxy = kz K(K) - o(k), ©)
=1

P is the number of coefficients am{k) the eigenvec-

tors.
2. Rotate the reflection map andle
RY, = rot(Ryy, 0) (10)
3. For each colour plane multiply the light representation

with the reflection map element by element and sum the
elements to three scalar values.

M M
C(QU) = z Z(ng(ww)l-xy(wl/-’))

X=1y=1

11

Efficient algorithm The algorithm presented in the previous sec-
tion can be made more efficient by pre-computing the eigen-
numbers. This approach is described in more detail in the
second row of Figure 4. One pixel is generated at a time.

To simplify the calculations the eigen-numbexgk, 6), are
introduced. These are precomputed summations of the multi-
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Figure 5: These are the 25 most important eigencomponents for the
examined data set.

plications between the rotated eigen-components and the re-
flection functions

B4 | C4| D4 B5| C5| D5 B6 | C6| D6 M M
e e e X(k8)=15 5 ¢(k,0) Ry k=1:1:n6=0:0:180
Ka K5 K6 x=1ly=1
— - — (12)
[A] [1A ] . .
clo B lic| D e (Jis the pixel number.
p=sum F G IE | IF | IG
I J IH I 1J N
LK LK ] Ryy (W) = z K(W,k)-ok,0) = (13)
k=1

Figure 3: The scene is illuminated with a point light source located

in the direction defined by the lightmap. In this figure 11 images

with 6 pixels each are captured at varying locations of the lightmap. ( )= (Rxy-Lxy) =

The pixel-information is then transformed to the reflection func-

tions containing 11 pixels each, which characterize the reflection ([K(L¢) @(1,0)+...+k(P.)- (P, 0)] - Lyy) =

properties for a specific pixel. In the synthesizing phase the reflec- (14

tion function for a specific pixel is multiplied element by element

with the lightmap. The resulting pixel value is equal to the sum of

all elements. K(L ) [@0(1,8) Ryl +...+k(P,y)-[@(P,08) -Lyy] =
(15)

K(lvw)X(179)++K(P7w)X(P79)

Coefficents (320x240xP;

e To generate one pixel value (P-1) additions and P mul-
tiplications are needed. The resulting equation will for

\— each pixel and colour plane be:
ngles (320x240x1)

P
AGOTM  ecionmap ety Ry Lgimap Cy)= 5 kk.y)-x(k,0) (16)
chi:g":‘emu —=> —_—> Q —=> Pixel value=sum( *|© O -
. / / 0 )
Efficient .
Algorithm 3 Implementation and results

Coefficient
Veetr —>  Pixel_value=k1*x(1:0)+k2*x(2,0)+...

) There are two main components to the system, the pre-computing

phase, in which the data matrices are computed and the synthesiz-
Figure 4: This figure explains the method. The data is representeding, where images are generated using novel lighting conditions.

in a volume, in which each column is used to construct one reflec- The first phase was implemented in Matlab and the second in C++

tion function. In the first row the algorithm is explained and the An imagg data set coﬁtaining 374 images was generated by us‘_

second row is a description of the optimized algorithm. ing MegaPOV (A version of POVray [Povray ] allowing render-
ing of HDR images) and this data set was used to evaluate the
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Table 1: A comparison of the resulting speed and image quality for
various selections of coefficient numbers. The first column is the
number of coefficients used, the second is the number of frames
per second for the corresponding number of coefficients and the
three following columns include the PSNR value for each of the

lightprobes.
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Figure 6: These images are examples of original reflection maps for
the data set.
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image generated usingcoefficients ismy. MAX| is the maximum
intensity ofimy;,.

The errors for different choices af were computed for the selec-
tions of lightprobe images depicted in the third column of Figure 7.
In Table 1 it can be seen that the PSNR increases for increasing
humbers of coefficients for the second lightprobe, but for the others
the PSNR is approximately constant. The difference in PSNR for
10 and 25 coefficients is very small. However, when examining the
resulting images (Figure 1 and 7) it can be seen that the details of
some of the spheres become better, when using additional compo-
nents even if the PSNR value does not improve.

method. The data set contained images of a complicated scene
with a large amount of shadows. In this initial setup small images
of size 320x240 pixels were used. Examples of input images can
be seen in Figure 2. This dataset was rearranged to reflection func
tions ( See Figure 6) of size 21x21 pixels, which were rotated along
their major axes. The 25 most important eigencomponents (See
Figure 5) were computed from the rotated reflection functions. It

was chosen to compute the 25 most important eigencomponents

from the rotated reflection functions, since the use of additional

components resulted in little difference in the resulting images. All 4 Discussion
rotated reflection functions were compressed using the eigencom-

ponents and the coefficients were stored in a data volume together

with the rotation angle. To speed up the computations rotated ver- |n this paper we have presented a new approach for real-time re-
sions of the eigencomponents were precomputed for each of the 36Qighting of a static scene. This method is general and can be used to
degrees. The synthesis of an image was divided into two phases elight a scene with arbitrary lightprobe images. It could for exam-
In the first phase lighting coefficients were computed by multiply- ple be used to visualize a scene at arbitrary weather conditions by
ing the lightmap with the eigencomponents. ( See the algorithm in ysing synthetic sky images (See for example [Olsson et al. 2004]
section 2.4). In the second phase the pixel values were computedy, [Olsson 2005]). The approach could be advantageous for ex-
by using the lighting coefficients and the eigen coefficients. These ample in scenes with a limited number of materials. The results
computations were repeated for every frame. show that it is feasible to represent BRDFs using principal compo-

Resulting images were computed for three well-known HDR fish- Nents._For the data set used in this work 25 coefficients are suffi-
eye images (See [Debevec and Malik 1997] for more information ). Cient. This can be seen by comparing the images in Figures 1 and 7.
These HDR fisheye images were transformed to the same represen--rhe Images n Flgure 1 are very similar to the Images In the mid-
tation as the reflection functions (The upper semi-sphere was usedd!€ column in Figure 7, which were computed using uncompressed
and this was rescaled to 21x21 pixels). For every lightprobe image reflection functions. The major I|m|tat|oq is that seml-shaQOws are
the corresponding scene was generated using 10 and 25 coefficient§0t always rendered correctly. The relatively small reflection func-
and by using the corresponding uncompressed reflection functionstions of 21x21 pixels limit the possible shadows, but the limitation

(Images generated using 25 coefficients can be seen in Figure 1can be removed by using larger matrices to represent the reflection

and images generated using 10 coefficients and by using the corre-fu][:CtiO.ns'fA ”r_““a“O“ of the methhod is that it demagﬁs def’:ailed
sponding original lightprobe images can be seen in Figure 7). reflection functions to compute sharp components. The reflection

functions are rotated along their major axes in order to to take the
The frame-rate for varying numbers of coefficients can be seen in correlation between reflection functions into account.

Table 1. As a measure of the image quality the peak signal-to-noise

ratio was selected This is a simple approach and can not directly be compared with
more general, but also more complicated approaches as for exam-
PSNR = 20*|0910(M)7 17) ple the method presented in [Kristensen et al. 2005]. The goal of
VvMSE this method is to relight a still image in novel lighting conditions,

while the goal in their paper is to relight an arbitrary scene with

where unstructured light clouds using precomputed radiance transfer. The

1 m=in-13 o o ) major advantage of this method is that each pixel of the resulting
MSE= —— Z) > limgig(i, k) —ime (i, j,K)[I< - (18) image can be computed with a fixed number of 25 multiplications
i=0 j=0k=1 and 24 additions, while the more advanced algorithms need a much

larger number of operations in the generation process. On the other
In these equation®- nis the size of the image. The reference image hand, the largest drawback is the precomputing step and the rela-
generated using the original reflection functionsirigrig and an tively large data matrices, which must be stored to be able to gen-
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