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Abstract The paper proposesa method for generating a sequenceof imageswith smooth
change of illumination from two input images with dierent lighting conditions. The idea
of the proposed method is based on image morphing. While conventional image morphing
changesobject shapesbetweentwo input images, here we focus on changing the illumination
betweentwo images. The proposedmethod usesisoluminance curvesas a feature primitiv e.
Isoluminance curves acquired from images are warped based on the correspondence of the
curvesbetweentwo images, and transformed luminance distributions are generated from the
warped isoluminance curves. The proposed method called \illumination morphing" is able
to generate smooth transition of luminance between two color images. The method does
not need even the information about the light sourcesand 3D object models. The proposed
method is a promising technique for many applications requiring a scenewith variety of
lighting e ects, sudch as movies, TV games,and so on.
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1 Intro duction

Image morphing generatessmooth transition betweentwo images, and is used
in many movies and TV programs to render visual e ects/*2, The method uses
boundariesand featuresof objects in imagesas feature primitiv es. Feature primitiv es
are usually points, line segmems and/or curves. Warped imagesare generatedbased
on the feature correspondencesbetweentwo images. Conventional image morphing
focuseson the object shapes cortained in the images. However, when two images
takenunder di erent lighting conditions are given, the method is not able to generate
smooth transition of illumination betweenthe two images.

This paper proposesa method for generating a sequenceof imageswith smooth
transition of illumination from two input imageswith dierent lighting conditions.
For example, when the position of the light sourcesis changed, the illuminance of
the wall in a room is also changed. The main idea of the proposed method is bor-
rowed from image morphing, but we proposeto useisoluminance curves as feature
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primitiv es. Isoluminance curves are automatically acquired from two input images,
and then warped basedon the correspondenceof the curves betweenthe two input
images. Next, transformed luminance distributions are generatedfrom the warped
isoluminance curves. Sincethe proposedmethod is able to generatea smooth transi-
tion of luminance betweentwo images,we call it illumination morphing.

The method is alsoable to dealwith illumination causedby a coloredlight source.
In acolorimage, the proposedmethod cangeneratea smooth transition of the lighting
conditions such as those causedby a moving light source,with the color of the light
sourcealso changing.

Note that a smooth transition of luminance distributions betweendi erent light-
ing conditions cannot be obtained by simply blending two images. For example, Figs.
1(a) and 1(b) show two imageswith di erent lighting conditions, where both the po-
sition and the color of the light sourcehave changed. Fig. 1(c) showsthe imagewhich
should be obtained from thesetwo imagesif the light sourcemoveshalfway between
the images. Notice how the color of the light sourcealsoneedsto changeto yellow in
the resulting image, i.e. the hue is in betweenorange and green. Figure 1(d) shows
an image obtained by blending the two imagesin Figs. 1(a) and 1(b). Comparing
the blended image with the image in Fig. 1(c), it is obvious that image blending
cannot achieve the desirede ect. That is, blended imagescannot generatethe e ect
of a continuous change of the lighting conditions. In contrast to this, illumination
morphing is able to simulate a smooth changeof lighting conditions such asFig. 1(c)
using warped isoluminance curves.

®)

© (d

Figure 1. lllumination morphing (c) vs. image morphing (d) from two input images (a) and (b)

Previously, seweral methods have beendeweloped to quickly render a scenewhen
the lighting conditions are altered. A fast rendering method for altering the luminous
intensity distribution of light[®! was proposed. In this method, a luminous intensity
distribution is expressedwith basis functions. Basis images are pre-computed for
the light sourceswhose luminous intensity distributions are assignedto ead basis
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function. Imageschanging the luminous intensity distributions of a light sourceare
generated by a weighted sum of the basis images. The method, howewer, cannot
changethe position of the light source.

To render the sceneunder global illumination ernvironment, a method called Pre-
computed RadianceTransfer (PRT) wasproposed®. The radiancetransfer at vertices
of the objects is pre-computed, and is stored compactly using spherical harmonics™
or Haar waveletd®. The method can quickly render a static scenein global illumina-
tion ervironment. Methods for applying PRT to dynamic sceneswere proposed®:7,
and methods for rendering dynamic sceneqquickly by using the shadov map werealso
proposed®®, All of these methods need 3D objects for the computation of radiance
transfer.

A method for rendering images quickly when the position of a light sourceis
changedhas beenproposed'®!. Using isoilluminance curves,the method interpolates
the illuminance distributions betweentwo renderedimageswith di erent light source
positions. However, the method usesa three-dimensionalgeometric model of the ren-
dered scene,becauseilluminance curvesare computed on ead surfaceof the objects.
To solve some of the problems of the method in Ref. [10], a method for generating
a sequenceof images from two imageswith dierent lighting conditions has been
proposed™l. In this method, the imagesare divided into seweral regions, and then
the isoluminacecurvesare calculatedin the regions. The method is able to interpolate
the luminance distributions betweentwo imageswith dierent light sourcepositions,
howevwer, it can handle only luminance distributions and cannot be applied to color
images.

As will be demonstratedbelow, the illumination morphing proposedin this paper
is able to solve the main problems of the previous methods, that is, the proposed
method is able to generatea sequenceof color imagesexhibiting a smooth transition
of illumination.

In the rest of this paper, we rst describe the illumination morphing applied
to grayscaleimages. An outline of the illumination morphing method is described
in Section 2. Methods for generating isoluminance curvesand determining a pair of
corresponding isoluminancecurvesare describedin Sections3 and 4. Seweral examples
of illumination morphing for the luminance distribution are givenin Section5. Then,
we extend the method to color imagesin Section 6, and examplesfor applying it to
color imagesare given in Section7. Finally we concludein Section 8.

2 Outline of the lllumination  Morphing Algorithm

The proposedmethod usestwo input imageswith di erent light sourcepositions.
The two imagesare called a source image and a targetimage asin image morphing.
The method generatesa sequenceof imageswherethe luminance distributions change
smoothly between the source and target images. The luminance distributions are
calculated at every intermediate position of the light source that lies on the line
connectingthe two light sourcepositionsin the sourceand target images. Luminance
distributions are sampled into isoluminance curves, and these curves are used as
featuresfor illumination morphing.

The proposed method can be applied to large planar surfaces. Interior scenes
cortain large planar surfacessuch aswalls, o ors and ceilings. When a light source
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moves, the change of luminance on these surfacesis easily noticeable. On the other
hand, the luminance change for spindly objects suc as pillars or the legs of a desk
is less noticeable when the light source moves, except in the casewhen the light
source is closeto the objects. Many of these casescan be expressednot by the
elastic deformation of the luminance distributions but by the monotone increasing of
luminance values. Basedon this fact, we generateisoluminance curvesfor the planar
regions,i. e. ead planar region in the two imagesis set as a target region for the
illumination morphing process.

Here we provide an outline of the illumination morphing method (seealsoFig.2):
Step 1: Divide both the sourceand target imagesinto seweral regions.
Step 2: Generateisoluminancecurvesin the target regionsof the images.

Step 3: Selectpairs of corresponding isoluminancecurvesin the sourceand target
images.

Step 4: Interpolate intermediate isoluminance curves from the corresponding
isoluminance curves.

Step 5: Calculate luminance distributions from the interpolated isoluminance
curves.

First, in Step 1, the sourceand target imagesare divided into seweral regions,and
the target regions, where the illumination morphing is applied to, are speci ed. The
divided regionsin both imagesshould be in the sameposition, and the regionsshould
be divided taking into account the discortinuities in the luminance distributions.
The luminance distributions have discortin uities at object boundaries, such as the
boundaries of walls, tables, etc. The isoluminance curvesalso becomediscortin uous
on the boundaries. The regionsin both imagesare divided by the discortinuous
boundaries of the luminance distributions. A derivative Iter, sud asa Sobel Iter
or a Laplacian Iter, canbe usedto divide the imageinto seweral regions.

In Step 2, isoluminance curvesare generatedin ead target region. The process
of generatingisoluminance curvesconsistsof two steps. The rst stepis determining
the luminance values necessaryto generatethe isoluminance curves, and the second
step is generating the isoluminance curves as sets of short line segmens that pass
through speci ¢ luminance values. The details are described in Section 3.

In Step 3, pairs of corresponding isoluminancecurvesare determinedin the source
and target images. The processagain consistsof two steps. First, the correspondence
of isoluminance curves between the source and target imagesis determined. Each
isoluminancecurvein the sourceimageis assaiated with anisoluminancecurvein the
target image. The isoluminancecurvesare warpedbasedon the pairs of corresponding
isoluminancecurves. Next, the verticesof the isoluminancecurvesare assaiated with
ead other betweenthe sourceand target images. The details are given in Section 4.

In Step 4, intermediate isoluminance curveswhoseshapeschangesmoothly from
the sourceimage to the target image are calculated. The isoluminance curves are
calculated using linear interpolation betweenead pair of corresponding isoluminance
curves. This processrepresers a warping of the isoluminance curves.
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Figure 2. An outline of the illumination morphing method

In Step 5, the luminance distributions are calculated from the intermediate iso-
luminance curves obtained in the previous step. The luminances at ead pixel of
an image are obtained by a linear interpolation using two neighboring isoluminance
curves.

Steps1 through 3 are carried out only onceas preprocessing.Then, a sequenceof
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images,with luminance distributions represeriing a smooth transformation between
the sourceand target images,is generatedquickly with Steps4 and 5.

3 Generating Isoluminance Curv es

In this section, we proposea method for generating the isoluminance curvesin
the sourceand target images. First, we determine the luminance valuesfor sampling
isoluminance curvesfrom the luminance distributions in the images. The luminance
values greatly in uence the quality of the resultant images. In order to be able to
determine suitable luminance values, we should considerthe following requiremerts:

Numb er of corr esponding isoluminanc e curves:

The number of corresponding isoluminancecurvesbetweenthe two imagesshould
be maximized. Since an intermediate isoluminance curve is calculated using a set
of the corresponding isoluminance curves, the smaller the number of corresponding
curves, the fewer the intermediate isoluminance curves would be, and this would
causea poor represertation of the luminance distributions. Furthermore, an excep-
tions handling procedureis neededfor isoluminance curveswithout correspondence.
Sud kinds of isoluminance curvesmight appear or disappear as a light sourcemoves
betweenthe sourceand target images(see Section4.3).

Allocation of isoluminanc e curves in a region:

Isoluminance curves should be allocated uniformly over the region. Since lumi-
nancesat ead pixel of an image are interpolated using the neighboring isoluminance
curves,the accuracy of the interpolated luminancesdependson the distance between
the neighboring isoluminance curves. Therefore, isoluminance curves which are uni-
formly allocated over the region would generatehomogeneousguminance distributions
over the image.

Human perception of luminanc e distributions:

Taking into accourt human perception of brightness, more isoluminance curves
should be generatedin brighter areas. Furthermore, for represerting the movemen
of a light source, it is especially important to render the movemen of bright areas
in the image. In the proposedmethod, isoluminance curvesare generateddenselyin
bright areas.

Becausethe last requiremert conicts with the previous one, we introduce an
importance function to solve the \trade-o " problem betweenthe two con icting re-
quirements. Taking into accourt the rst and the secondrequiremerts, we proposea
method for determining luminance values using a cumulativ e histogram constructed
from a histogram of luminances. Taking into accourt the secondand the third re-
guiremens, the luminance histogram is weighted using the importance function.

3.1 Determining luminance values

A method for determining luminance valuesusing the cumulativ e histogram con-
sists of the following four steps.

Step 1: Make a histogram using the luminancesat all of the pixels in the region:
Both sourceand target imagesare usedfor making the histogram (seeFig. 3).

Step 2. Weight the histogram using an importance function: The proposed
method usesa linear function as shown in Fig. 4.

Step 3: Accumulate the weighted histogram from high to low luminances: The
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cumulativ e histogram expresseghe weighted number of the pixels whoseluminances
are greater than a value indicated by the horizontal axis (seeFig. 5).

Step 4: Uniformly divide the vertical axis of the cumulativ e histogram: As shovn
in Fig. 6, the luminance valuesfor sampling the isoluminance curvesare determined
by uniformly sampling along the vertical axis of the cumulativ e histogram.

Since the histogram is made from both the sourceand target images, the fre-
guency of the luminancescontained in both imagesincreasesand the gradient of the
curve becomessteeper, asshowvn in Fig. 6. The steeper the curve s, a larger number
of luminance valuesfor sampling the isoluminance curvesare generated. That results
in maximizing the number of corresponding isoluminance curvesbetweenthe two im-
ages.In addition, the ideato usea uniform sampling along the frequency axis of the
cumulativ e histogram makesthe number of pixels betweenthe neighboring isolumi-
nance curves almost the same. That is, isoluminance curvesare allocated uniformly
in the region.

The histogram is weighted using an importance function asshown in Fig. 4. By
modifying the importance function, we can adjust the importance of the bright areas

comparedto the other areasin the images.
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Figure 3. A histogram generated from the source and target images
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Figure 5. The cumulativ e histogram
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Figure 6. Determining the luminance values

3.2 Generating the isoluminance curves

Before generating the isoluminance curves, eat region in the imagesis divided
into triangular patches. The three verticesof ead triangular patch arelocatedat some
pixels in the corresponding image. In the proposedmethod, isoluminancecurvescon-
sisting of short line segmerts are generated, using the sameidea as in the Marching
Cubesalgorithm ™2, That is, a segmen in a triangular patch is determined by the lu-
minancesof the three vertices (seeFig. 7(a)). Each vertex hasa ag showing whether
the luminance at the vertex is higher than the luminance value of the isoluminance
curve. A segmem generatedin a triangle patch is classi ed into 8 patterns using
the vertex ags. By connecting the segmets generatedin ead triangular patch, an
isoluminance curve is generated(seeFig. 7(b)).

. Triangular patch
Triangular patch gularp
< &
____—r':-\.__ -
a P ey
Vertex &7 %» 4 e } g
Lf : o ; '
. ’ \ -4 ¥ L ’I .
* ” ;/
N st
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A segment of the
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(@ ®

Vertex with higher luminance value
than determined luminance value

Vertex with lower luminance value
than determined luminance value

Figure 7. Generating an isoluminance curve

Luminance distributions are usually discortin uousat the boundary of the region,
and the isoluminance curves also becomediscortinuous. The isoluminance curves,
however, should be closedcurves. When an isoluminance curve is not closed,the two
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intersection points, where the segmets of the isoluminance curve intersect with the
boundariesof the region, are connectedalong the boundary to make the isoluminance
curve closed.

4 Corresp ondence of Isoluminance Curv es

It is necessaryto determine pairs of corresponding isoluminance curvesin both
images,becausethe warping of the isoluminancecurvesis basedon the correspondence
betweensourceand target images. It is also necessaryto assaiate the vertices of the
isoluminance curvesbetweena pair of corresponding isoluminance curves.

4.1 Determining the corresmpnding isoluminance curves

Isoluminance curves are usually nested, and the hierarchical structure of the
isoluminance curves is expressedusing a nesting treel®l. When an isoluminance
curve cortains another isoluminance curve, the former is called a parent curve and
the later is called a child curve. A nesting tree represerts the parent-child relationship
(seeFig. 8), and helpsto make a pair of corresponding isoluminance curves. In Fig.
8a, Cs; and Cr; are the i-th isoluminance curvesin the source and target images,
respectively. The top node of eadh nesting tree is a root node assaiated with the
boundary of the region, and the isoluminancecurvesthat have no parent curves,suc
asCs; and Crq, are connectedto the root node (seeFig. 8 (b)). Each isoluminance
curve is connectedto a tree node basedon the parent-child relationship.

Cs Cp

(®)

Figure 8. The parent-child relation of isoluminance curves

After constructing a nesting tree, the correspondenceof isoluminance curvesis
determined by traversing the nesting tree from the root node in the manner of a
breadth- rst seard. First, isoluminance curves assciated with ead tree node are
examined by their luminance values. Next, an overlapping area of the isoluminance
curves having the sameluminance is calculated. If the overlapping area is greater
than a threshold, the isoluminance curves are registered as a pair of corresponding
isoluminancecurves. To calculate the overlapping areaof two isoluminancecurves,the
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certers of the bounding boxes of their parent curvesare aligned, and the overlapping
area, Aoveriap » Of the two bounding boxesof the isoluminancecurvesis calculated (see
Fig. 9). The overlapping area of the bounding boxesis usedfor the examination of
the correspondenceof isoluminance curves.

Bounding boxes of each isoluminance curves

Figure 9. Calculating the overlapping area

4.2 Assciating the vertices of correspnding isoluminance curves

An isoluminance curve consistsof a number of short line segmets, and the line
segmens consist of vertices. The vertices of a pair of corresponding isoluminance
curves are assaiated with ead other basedon the correspondenceof the nearest
onesafter aligning the certers of both isoluminance curves (seeFig. 10). That is,
the vertices of an isoluminance curve in the sourceimage are assaiated with the
vertices in the target image. In the sameway, the vertices in the target image are
assiated with the vertices in the sourceimage. In Fig. 10, the arrows show the
direction of vertex assaiation. The assaiated vertices are registered as a set of
corresponding vertices, and the assaiated vertices shovn with bidirectional arrows
are alsoregisteredas a single set of corresponding vertices.

Aligning the centers of isoluminance curve

Figure 10. Connecting vertices

4.3 Isoluminance curveswithout a correspndene@

When determining pairs of corresponding isoluminance curves, not all of the
isoluminance curves always have correspondences.An isoluminance curve without a
correspondenceis assumedto disappear (or appear) during the transition of a light
source. In this case,the position and timing when the isoluminancecurve disappears
(or appears) should be determined (seeFig. 11).
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Figure 11. Disapp earance of isoluminance curves

To determine the position of disappearance (or appearance) for isoluminance
curve Cs», the parent isoluminance curves Cs; and Cri are normalized, and then
the center, Ps, of isoluminance curve Cs; is the disappearanceposition Py. If the
transition time of a light sourcebetweensourceand target imagesis assumedto be 1,
and the timing, t, when isoluminance curve Cs; disappearsis determined using the
following equation.

r v
(= s2,
Asy

1)

where As; and Ags; are the areasof the bounding boxes of isoluminance curves Cs;
and Cg», respectively.

4.4 Branching

An isoluminance curve may happen to branch into two isoluminance curves.
For example, an isoluminance curve that is found to be in correspondencewith two
isoluminance curveswill branch. In this case,the vertices of the isoluminance curves
are assaiated using a the contour branching algorithm proposedby Christiansen, et
al.lll (seeFig. 12).

Figure 12. Branching isoluminance curves

5 Examples

To demonstrate the usefulnessof the proposedmethod, illumination morphing is
applied to imagesin which a simple room has beenrendered. The sourceand target
imagesare shawn in Figs. 13(a) and 13(b), respectively. The imagesare renderedwith
di erent light sourcepositions using a radiosity method[*®!. Theseimagesare divided
into three regions as shawn in Fig. 13(c), and illumination morphing is applied to
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regions1 and 2, sincethe illumination morphing is e ectiv e for large surfaceswhose
luminance distributions changedrastically. Image blending is usedin region 3, since
the luminance distributions in the region do not changesigni cantly betweenthe two
images.

(a) Source image (b) Target image

Target region 1 Target region.2

Target region 3

(c) Target regions

Figure 13. The input imagesin (a) and (b) segmerted into three regions in (c)

Isoluminance curves generatedusing the proposedmethod are showvn in Fig.14,
and isoluminance curvessampledat a constart interval of luminance (using the con-
stant sampling method), are shown in Fig. 15. The parameters of the importance
function are shown in Table 1. In both methods, the number of luminance valuesfor
generating the isoluminance curvesis setto nine.

(a) Source image . (b) Target image

Figure 14. Isoluminance curves generated using the prop osed method
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(a) Source image (b) Target image
Figure 15. Isoluminance curvessampled at a constant interval of luminance

Table 1 Parameters of the imp ortance function

region W Maxim um luminance Minim um luminance
1 20 255 55
2 20 255 53

Notice that whenusingthe proposedmethod in region 1, nine isoluminancecurves
are generatedin the sourceimage, and six isoluminance curvesin the target image.
There are 6 pairs of corresponding isoluminance curves. In the constart sampling
method, the sourceimage has9 curves,while the target image hasonly 3 curves,and
there are 3 pairs of corresponding isoluminance curves, i.e. the proposedmethod is
able to generatea larger number of corresponding isoluminance curves. In region 2,
both methods have 9 pairs of corresponding isoluminance curves.

Compared to the constart sampling method, the proposed method is able to
generateisoluminance curveswhich are also more uniformly distributed in region 1.
Additionally , the proposed method is able to generate more isoluminance curvesin
bright areasthan those of the constart sampling method.

Figure 16 shows intermediate isoluminance curvesin transition halfway between
the sourceand the target images. Figures 16(a) and 16(b) show the results for the
proposed method and for the constart sampling method, respectively. Comparing
these gures, it can be seenthat the proposedmethod is able to generatea larger
number of intermediate isoluminance curves than the constart sampling method.
This is becausethe proposed method generatesa greater number of corresponding
illuminance curves.

Finally, luminance distributions transformed betweenthe sourceand target im-
agesare calculated and the resultant image is rendered. Figures 17(a) through 17(c)
show a sequenceof imagesrenderedby the proposedmethod. The position of a light
source moves from the left side of the wall to the right side. As can be seen,in
the sequenceof imagesgeneratedby the proposed method, the luminance distribu-
tions changesmoothly in the resulting animation. Figure 17(b) shows the luminance
distributions in transition halfway betweenthe sourceand target images.

Comparing with Figs. 17(d) through 17(f), where the imagesare rendered by
blending the sourceand the target images,the proposedmethod is able to represen
smooth transitions of the luminance distributions, especially the highlights on the
wall. Figure 18 shows in psuedo-colorthe imagesof Fig. 17. In theseimages,the
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(a) The proposed method (b) The constant sampling method

Figure 16. Intermediate isoluminance curves

(g) Source image (h) Target image

(a) (®) ©
Images generated by the proposed method

@ © ®
Images generated by blending the two input images

Figure 17. The resultant images
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@ © ®
Images generated by blending the two input images

Figure 18. The images of Fig. 17 shown in psuedo-color

luminance valuesare corverted to color asshown in the color bar. Each gure in Figs.
18(a) through 18(f) correspondsto Figs. 17(a) through Fig. 17(f). Comparing Figs.
18(a) through 18(c) renderedby the proposedmethod with Figs. 18(d) through 18(f)
by the image blending, we can con rm that the proposedmethod represers smooth
transitions of the luminance distributions, especially on the right side wall.

We further evaluate the proposed method quartitativ ely using a ground truth
image Figures 19 (a) through (c) are renderedby using a radiosity method. A light
sourcemoves left to right on the right wall. We use Figs. 19 (a) and (c) as source
and target images. The imagesare divided into three regionsas shownn in Fig. 20(a),
and the illumination morphing method is applied to regions1 and 2. Figure 20(b) is
generatedby the proposedmethod. Figure 19 (b) is usedas a ground truth image,
and Fig. 20(d) shawsthe distribution of the relativ e error betweenthe imagerendered
by the illumination morphing and the ground truth image. The relative errors are
normalized by the maximum luminance in Fig. 19 (b).

For comparisonthe image shown in Fig. 20 (c) is rendered by blending Fig. 19
(a) and (b). Figure 20 (e) shaws the distribution of the relative error for the blended
imagein Fig. 20 (c). Comparing Figs. 20 (d) and (e), it can be seenthat the relative
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errors of the proposedmethod are smaller than those of the image blending in target
region 2, especially in the highlight regionson the wall.

(a) Source image (b) Ground truth image (c) Target image

Figure 19. Images rendered by a radiosity method

Target Target
region 1 ‘ region 2

(b) Image generated by (c) Image generated by image blending
illumination morphing

Relative error [%]
0 20 40
mIilln

(d) Relative errors of (b) (e) Relative errors of (c)

(a) Target regions

Figure 20. Comparing the illumination morphing and the the image blending methods

Figure 21 showns the maximum, averageand variance of the relative errorsin eadh
target region of Figs. 20 (d) and (e). Figure 22 shows the cumulativ e area where the
relative error is lessthan a speci ed value in ead region. In target region 1, where
the brightnessof the wall gradually decreasesthe imageblending givesbetter results,
but both methods have no areaswhere relative error exceeds8 [%)]. In target region
2, where the highlight region moves, the image blending generateslarger errors, and
more than 10[%] error still remainsin 4.5 [%)] of the area. The illumination morphing
hasno areaswherethe relative error exceeds8 [%] in target region2. This quartitativ e
investigation demonstratesthat illumination morphing performs much better in the
region where the highlight moves.
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Figure 21. Maxim um, average, and variance of relativ e errors

Figure 22. Cumulativ e areas for each relativ e error

Figures 23 (a) and (b) show isoluminance curves for the ground truth image
(Fig. 19 (b)) and the image generatedby the illumination morphing (Fig. 20 (b)),
and explain the reasonwhy illumination morphing haslarger errorsin target region 1.
The illumination morphing cannot estimate both the correct position of the isolumi-
nancecurvesand the correct timing whenisoluminancecurvesdisappear, becausehe
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method usesa linear interpolation to determine the disappearancepoint and timing
of the isoluminance curves from two imagesas described in Section 4.3. This is a
limitation of the proposedmethod.

Figure 23. Isoluminance curves

6 Application to Color Images

In this section, we show how the proposedillumination morphing method can be
applied to color images. We corvert the imagesfrom RGB to HSL color space,where
the L componert indicates luminance and the other componerts carry the chromatic
(color) information.

When the light source'scolor is white, the illumination morphing is applied to
the luminance distribution L, while the chromaticity distributions are linearly inter-
polated pixel by pixel betweenthe sourceand target images. In this way calculation
time canalsobereduced,sinceif the RGB color spaceis used,it would be necessaryto
apply illumination warping three times, for eath R, G, and B componerts separately

When a colored light source moves, the saturation distribution S also changes
for eadh pixel. Supposethat a white wall is lit by a white ambient light and a
red light source. The red light source movesin front of the white wall from left
to right (SeeFig. 24). The saturation distribution S also changessimilarly to the
luminance distribution. That is, the bright area lit by the red light has a large
saturation componert, while the dark arealit by only the ambient light hasa small
saturation componert. In this case,we apply illumination morphing to the saturation
componert, too.

Figure 24. The casewhen the saturation S also changes
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When the color of the moving light sourcealsochanges,we uselinear interpolation
for the hue componert H. The H componert is interpolated basedon the hue circle
(SeeFig. 25). The hue value changeslinearly whenthe color of a light sourcechanges
linearly betweenthe sourceand target images. For examplein the caseof Fig. 25,
when the color of the light sourcechangesfrom orangeto green,the hue value of the
imagesis linearly interpolated for eac pixel from orange (20 [deg]in the hue circle)
to green (100 [deg]in the hue circle).

Figure 25. Linear interpolation of the hue component H

Figure 26 shaws the distributions of the L, S and H componerts when the light
source moves from left to right. The L and S values are shown in grayscale. The
H value is shownn in the color corresponding to the H value. The distributions of
L and S componerts form concerric circles, and the distributions move from left
to right together with the light source movemert. Note that the distribution of H
is uniform and the H value changeslinearly betweenthe sourceand the target. In
consideration of this, in the proposedmethod we apply illumination morphing to the
L and S componerts and linear interpolation to the H componert.

Figure 26. The distributions of L, S and H when the light source moves



22 International Journal of Software and Informatics, Volume 6, Issue 1 (2012)

Figure 27 shows an outline of the proposedmethod for color images. Notice that
a sequenceof imagesis generatedat intermediate light positions betweenthe source
and target images,and we call the generatedimages\in termediate images".

Figure 27. Outline of the proposed method

Step 1: Convert the sourceand target imagesfrom RGB color spaceto HSL color
space.

Step 2: Calculate a sequenceof luminance distributions L' at intermediate light
positions, using illumination morphing.

Step 3: Calculate saturation distributions S', using illumination morphing.

Step 4: Calculate hue distributions H', using linear interpolation for eac pixel.

Step 5: Convert the distributions L', S' and H' to RGB color images. In this
way, a sequenceof intermediate imagesis generated.

7 Examples of Application to Color Images

In this section, we show seweral examplesdemonstrating the usefulnessof the
proposedmethod in the caseof color images.

Figure 28 shows a sequenceof imageswhere a red light sourcemovesin front of
a white wall from left to right. Parametert represens time. Only the sourceimage
(t = 0) and the target image (t= 1) are given. Intermediate imagesat t = 0.3, 0.5
and 0.7 are generatedby the proposedmethod. The distributions of luminance L and
saturation S are also showvn as grayscaleimages. The distribution of hue valuesH is
uniform (0 [deg]) and doesnot changesin this case.As can be seen,the distributions
of L and S change naturally betweenthe source and target images, and the color
imagesalso changewith natural form and color.
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Figure 28. A red light source movesin front of a white wall from left to right

In order to comparethe obtained results with imagesgeneratedby other methods,
Fig. 29(a) is generatedusing a linear interpolation for ead pixel betweenthe source
and target images. The image becomesblurred and the movemert of the light source
cannot be expressednaturally. Figure 29(b) is generated by applying illumination
morphing to the distribution of L, while the distribution S is linearly interpolated
for eadth pixel. Again, the resulting image is unnatural. Recall that in the proposed
method, the intermediate imagesare generatedby applying illumination morphing
not only to the intensity distribution L, but alsoto the saturation distribution S (see
Fig. 29(c)).

Figure 29. Images generated at t=0.5

Next, we shav an examplewherethe hue value H alsochangesbetweenthe source
and target images(seeFig. 30). We prepare the sourceimage (Fig. 30(a)) and the
target image (Fig. 30(e)) asinput images. Figures 30(b) through 30(d) are generated
by the proposedmethod. The color of the light sourcechangesfrom orangeto green.
The H value changeslinearly from 20 degreesto 100 degreesbetweenthe sourceand
target images. As demonstrated here, in the proposedmethod, the color of the light
sourcecan also be changed, together with the movemen of the light source.

In the next example, the proposedmethod was employed to render the change
of illuminance on the wall in a room. The generatedimagesare showvn in Fig. 31.
Figures 31(a) and 31(e) are the input sourceimage (t = 0) and target image (t =
1). The sourceimage is renderedwith a red light sourceset to the left side of the
right wall. The target image is renderedwith a yellow light sourcesetto a dierent
position. Figures31(b) through 31(d) are generatedusing the proposedmethod at t =
0.3,0.5and 0.7. The imagesare divided into three regions(Fig. 31(f)). Illumination
morphing is applied to the two walls (regions 1 and 2), while imageregion 3 is linearly
interpolated for ead pixel. This example demonstratesthat the proposedmethod is
able to generateintermediate imagesalso for the casewhen both the light sourceis
moving and the color of the light sourcechanges.
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Figure 30. The color of the light source changes from orange to green

Figure 31. The color of the light source changes from orange to green

Further, we demonstrate the proposedmethod using an animation. In the ani-
mation, we shawv two examples. The rst example correspondsto the caseshown in
Fig. 31. In the secondexample, we prepared six pairs of imagesas input images.
The color of the light sourceis respectively red, yellow, green, cyan, blue, magerta
and white. Seweral imagesare showvn in Fig. 32. Using six input imagesshown in
the left side of the gure, the proposedmethod can generatea smooth transition of
illuminance distribution, including both movemert of the light sourceand change of
its color. The computation time necessaryfor the preprocessingof the input images,
that is, dividing into regions, generating isoluminance curves and making pairs of
corresponding isoluminance curves,is about 13 [s].The computation time to generate
oneimage, that is, warping the isoluminance curvesand calculating the intermediate
luminance distributions, is about 44 [s]. All imagesare renderedon Intel(R)Core™ 2
Quad 2.82[GHz] CPU with 3.25[GB] memory, and the resolution of the imagesis
640x480[pixels].
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Figure 32. Seweral images from an animation including both light source movement and color change
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8 Conclusions

In this paper we proposeda method for generating a sequenceof imageswith a
smooth change of the illumination from two input color images. The light sourcein
the imagescan changenot only its position but alsoits color.

First, we proposedan illumination morphing method which can generatelumi-
nance distributions of intermediate light positions when the light sourcemoves. To
generatethe luminance distributions, the proposedmethod usesisoluminancecurves.
The isoluminance curvesare acquired from imagestaking into accourt the following
requiremens: maximizing the number of corresponding isoluminancecurves, uniform
allocation of the isoluminancecurves,and conformity with human perception. An al-
gorithm for determining a setof corresponding isoluminancecurveswasalsodescribed.
Additionally , we proposeda method for illumination morphing of color images. The
proposedmethod rst converts the color imagesfrom RGB color spaceto HSL color
space,and then applies illumination morphing to both the luminance and saturation
distributions. The hue values are interpolated linearly between the input images.
Seweral exampleswere showvn, demonstrating the usefulnessof the proposedmethod.

Se\eral directions for possiblefuture work can be mentioned. Preserly, it is dif-
cult to determine the correspondenceof isoluminance curvesfor caseswith complex
luminance distributions, sud asthe casewhere an isoluminance curve branchesinto
more than three curves. In order to be able to cope with complex luminance distri-
butions, it is necessaryto improve the method for determining the correspondenceof
both curvesand vertices. Also, in order to be able to apply the proposedmethod to
photographstaken under real-world conditions it is necessaryto considerthe texture
of the objects that make luminance distributions more complex.

The illumination morphing method proposedhere usesonly two input images.
The luminance distributions are warped linearly, and both the position where the
isoluminance curves appear (or disappear) and the timing when the isoluminance
curvesappear (or disappear) are alsodetermined linearly. To addressthe nonlinearity
problem discussedin Section 5, it is necessaryto use more than three input images
and employ a higher order interpolation.
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