Journal of Electronic Imaging 13(1), 75-84 (January 2004).

From Retinex to Automatic Color Equalization:
Issues in developing a new algorithm for
unsupervised color equalization

Alessandro Rizzi
Carlo Gatta
University of Milano
Department of Information Technology
Via Bramante, 65
26013 Crema, Italy
E-mail: rizzi@dti.unimi.it, gatta@dti.unimi.it

Daniele Marini
University of Milano
Department of Science Technology
Via Comelico, 39
20100 Milano, ltaly

Abstract. We present a comparison between two color equaliza-
tion algorithms: Retinex, the famous model due to Land and Mc-
Cann, and Automatic Color Equalization (ACE), a new algorithm
recently presented by the authors. These two algorithms share a
common approach to color equalization, but different computational
models. We introduce the two models focusing on differences and
common points. An analysis of their computational characteristics
illustrates the way the Retinex approach has influenced ACE struc-
ture, and which aspects of the first algorithm have been modified in
the second one and how. Their interesting equalization properties,
like lightness and color constancy, image dynamic stretching, global
and local filtering, and data driven dequantization, are qualitatively
and quantitatively presented and compared, together with their abil-
ity to mimic the human visual system. © 2004 SPIE and IS&T.
[DOI: 10.1117/1.1635366]

1 Introduction

signal. Thus, color constancy can be defined as the capabil-
ity to isolate the object’s reflectance from the illuminant’s
spectral composition, or alternatively, to recover the ob-
ject’s chromatic appearance without regard to the color of
the light. These two definitions of color constancy may
seem very similar, but they are not. Choosing one over the
other can heavily influence the goal of a color constancy
algorithm.

An algorithm that follows the first definition considers
the color constancy phenomenon mainly from a physical
viewpoint. In this case, color constancy results in a signal
reconstruction problem. If the illuminant can be estimated,
then the object’s reflectance can be approximated. Since the
spectral content of the original scene is lost and the avail-
able information is only a pixel value, usually the best re-
sults of this approach are obtained with a standard illumi-

What our visual system perceives is not the color of annant, or with an illuminant whose spectral content is
object, but the combination of its spectral reflectance with known.

the illuminant’s spectral characteristics. Consequently, from  The second definition of color constancy mimics the
a photometric viewpoint, a yellow patch illuminated with & herceptual mechanisms of HVS and leads to an approach in
white light or a white patch illuminated with a yellow light yhich color recovery is not necessarily perfect. In fact,

. ; . X : Qvhile HVS stabilizes perception when there are illuminant
flluminant should produqe changes in the percelyed IMage.ariations, from another viewpoint, the perceptual mecha-
However, the human visual systehlVS) steadily per- oo make the object's appearance dependent on the chro-
ceives a scene regardless of changes in the IlghtlngmatiC and spatial composition of the scére

conditions; thanks to a perceptual mechanism ca ' A consequence of this fact is that the visual appearance

constancy . o i
This mechanism is able to separate, with a certain toler-.Of a s_cene_cannot_be e_:xpl_alneq with just a_glob_al Qppr."aCh-

ance, the reflectance from the illuminant in a perceived identical v_|su§ll st|muI|_ with different spatial dls'gnbunon
can result in different visual appearances. A classic example

of this fact is a well-known visual configuration called si-
multaneous contrast, which arises, e.g., when a small gray
square lays over a larger and saturated background color. In
this case, what the observer perceives is not gray, but a hue
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that tends toward the complementary color of the back-
ground.

The approach of Retinex, the model of HVS color per-
ception due to Land and McCafiris consistent with these
considerations. It assumes that color sensation is based on
the ratios of reflected light intensity in specific wavelength
bands computed between adjacent areas of the image. For
about 40 years, variants of the Retinex method have been
implemented in software and hardwaré!/ and now it
shows a renewed research interést.

Following this approach, we have developed an alterna-
tive digital image automatic enhancement algorithm called .
Automatic Color EqualizatiofACE) that, as well as Ret- 1
inex, is able to simulate HVS mechanisms, such as color_. o o - )

: NS . Fig. 1 Along the path from point j to point /, the relative lightness is
ConSt_anCy.and lightness constancy. Our aim in develOp'ngcomputed as the ratio between the visual responses at the generic
ACE is to implement a system that emulates HVS adapta-points x and x-+ 1.
tion properties, considering low-level principles like inde-
pendent computation of chromatic chanrfelateral inhibi-
tion mechanismé&’ global/local mechanisnfS,white patch

(WP),2t and gray world(GW)? adapting mechanisms. In The visual responsg* at the locatiorx of the image is:
other words, ACE mimics the behavior of the HVS, repro-

ducing its adaptation mechanisms in a qualitative way. To «x :f E(MRXA N dh 1
differentiate the real HVS process from its model, we use SRe. A& (400 nm,700 nm) (MRTN)pre.s(MdA, @

the word “adaptatiori to indicate the biological adapta-

tions made by the HVS in the real world, and the word wherex is a discrete spatial coordinatg(\) is the spectral
“ adjustmnerit to indicate the simplified adaptations of power distribution of the illuminant lightR*(\) is the re-

these algorithms in the digital image domain. In particular, fiectance at the point, andpg g g()) is the spectral sen-
the termadaptationrefers more to a colorimetric notion  g;tjvity of the photoreceptor'éretinal cones pigment.

than to the dark and light adaptation phenom&ha. oo i -
The next section presents the Retinex and ACE compu- The relative lightnest g, at pointx, along a random

tational models, and Sec. 3 illustrates their common aspect?ath mt tge. 'Tﬁgfsl?e Fig. L fgr each channeRGB, is
and how the Retinex approach has influenced ACE struc-COMPUted in the following way:

ture. Then, Sec. 4 analyzes the major filtering properties of Xt 1
the_two algonthms_, with qualitative and quantitative com- Lig g= 2 Slog——, (2)
parisons. Conclusions end the work. x & path S

. h
2 Computational Models where

X+ 1

2.1 Retinex 1 if |log—g > threshold
For an extensive and detailed description of the history and
experiments of this famous model, we ask the reader to9= il : 3
refer to Refs. 4, 7, 15, and 24-27. In this work, we simply 0 if IogS threshold
recall the basic formula and the relative concepts to make S

the corresponding comparisons with the proposed algo-
rithm ACE. Hence, the recalculateRGB intensity value for each
The Retinex theory assumes that human vision is basecoint i is the mean value of relative IightnessE"fJG B
on three retinal-cortical systems, each independently pro-computed over a numbe of random paths, ending at
cessing the low, middle, and high frequencies of the visible pjint (Fig. 2):
spectrum. Each independent process forms a separate im-
age, determining the relative lightness values of the various
regions of a scen®.According to Land and McCann, the i
edges between adjacent areas of an image play a fundamen™¢:
tal role in color perception. Therefore, the ratio of lightness
between two areas has been chosen as a dimensionless These computations must be executed separately for the
property describing their relationship. If these two areas three fundamental channefsGB.
have lightnesses that are very different, the ratio is far from  This model depends on the number and randomness of
the unitary value, and it tends toward the value of 1, wherethe chosen paths, and on the threshold value that makes it
the lightnesses tend to become equal. If the ratio is com-possible to disregard low lightness ratios, which correspond
puted and averaged in many locations of the image, it dis-to smooth changes in color due to nonuniform illumination.
counts possible chromatic dominance, and its dimension- The basic Retinex algorithm has a reset mechanism by
less character will equalize the overall lightness of the means of which, during a path computation, if a lighter area
image. is found, the cumulated relative lightness is forced to the

_Skabrbe
=N @
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condition. This makes it suitable for use on uncalibrated
images>*

2.2.1 Chromatic/spatial adjustment

In the first stage, the chromatic/spatial adjustment produces
an output imageR, in which every pixel is recomputed
according to the image content.

The algorithm is mainly driven by two parameters,
which are described later. In particula(; ) function influ-
ences the white patch behavior and the image contrast. The
d(-) function has been formally devised to include the con-
cept of spatial influence; consequently, a change of its

J .
4 shape influences the ACE global/local effect.
Fig. 2 Example of random paths from random points (J;—J,,) for In this phase, each pixgd of the output imageR is
the computation of the lightness value at point . computed separately for each chanoels follows:
Ru(p)= rile(p)—1c(j)] 5
unitary value, making the average computation restart from P j e Imagej+p d(p,j) ’

this area. The effect of the reset mechanism is to consider
the lightest area of an image as a local reference value forwhere |.(p)—1.(j) accounts for the lateral inhibition

white. mechanismd(-) is a distance function that weights the
amount of local or global contribution, am@-) is the func-
22 ACE tion discussed later that accounts for the relative lightness

To approximate the visual appearance of a scene, we hav@PPearance of the pixel. A preliminary comparison on
developed a model, trying to simultaneously combine in a d(-) has shown that the Euclidean distance, or its approxi-
unique computation some of the mechanisms involved inmations likeManhattan give the best results.
human visual perceptioff. Within this model, every basic For each pixel in the image(-), together withd(-),
principle is considered as part of a unique adaptive behay-controls the relative p|>'<el’s influence, accounting for spatial
ior involving the contribution of each mechanism to the channel lightness adjustment. They compute all of the
final result. Each adaptive mechanism has global and locasingle contributions of the image’s content to each final
effects as a consequence of a number of simple local opJixel value in the output image. These two functions do not
erations across the image. affect directly the final pixel saturation, since the formula
The algorithm has been implemented following the inside the summation computes the influence of only one
scheme shown in Fig. 3. The first stage accounts for chro-Pixel, and to obtain the final pixel value, it must be calcu-
matic spatial adjustment and models two important mecha-lated for all the pixels in the image. In other words, the final
nisms: lateral inhibition and global/local adaptation. These pixel value IS the summation of nonlinear c_:ontr_lbut|ons t_hat
two mechanisms form the basis of the appearance compucan have different signs due to the spatial pixel relation-
tation of each area in the image, taking into account their ship. It is possible for a channel to be saturated, but this can
neighboring and dimensional relationship. Then, the secondonly occur during the final stage of the process, the dy-
stage maximizes the image dynamic, normalizing the white Namic tone reproduction scaling, which we describe next.
at a global level and performing a global gray world behav- ~ The chosen set af(-) functions is shown in Fig. 4.
ior. This two-phase structure is a characteristic in a majority  The r(-) function slope variation acts as a contrast
of the HVS computational models in the field of digital tuner. It can be seen in th€-) function comparison shown

imaging®®*°In Fig. 3,1 is the input imageR is an inter-  in Fig. 5. The higher the slope is, the higher the contrast.
mediate result, an@® is the output image, while subscript  Ther(-) function slope parameter can vary from the uni-
denotes the chromatic channels. tary value to infinite(signum in Fig. 4.

As well as Retinex, this algorithm requires no user su- In the basic formula in Eq5), no compensation is com-

pervision ora priori knowledge of the image acquiring puted for the distance of the pixel from the picture margin.

Chromatic/Spatial Dynamic Tone
I Adjustment R, | |Reproduction Scaling 0,
— A >
chromatic
comparison
local/global GW WP scaling reference
balancing
subset selection

Fig. 3 Basic ACE structure.
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out -out out

for each pixelp, wheres; is the slope of the segment

i [(0,1275),(M.,255)] computed by Eq.(8), with M,
Slope =max,R(p).
M0 M o
- ST 255-1275 1275 ®
Linear Saturation Signum

It usesM. as a white reference and the zero valu®jn
Fig. 4 r(-) function set. as an estimate for the medium gray reference point to com-
pute the slopes.. For this reason, the available dynamic
could not be used in its entirety, and tones around the very
If the pixel is near the margin, the number of pixels near it gark values could be lost. Alternatively, some pixel<Og

decrease significatively. These neighboring pixels give ancan result in negative values. In this case, the values lower
important contribution, since the inverse @f-) has high  than zero are set to zero.

values only around the pixesee Fig. 6. Consequently, Eq. This method adds a global gray world adjustment in the

(5) has been modified with a normalization coefficient in final scaling. Thus the dynamic of the final image is always
the following way: centered around the medium gray. According to the chosen
) reference point, alternative scaling methods can be devised

rilc(p)—1c(j)] to take into account nonlinearities typical of human lumi-

j e Image;j % p d(p,j) nance perception without changing ACE’s two-phased

R.(p)= , (6) structure.
rmax
j eimagej=p d(p,j) 3 From Retinex to ACE

The two algorithms share a common approach and several
computational characteristics, but differ in many nontrivial
details. Since we are interested in comparing the fundamen-
. . ) tal principles of the two approaches, the following qualita-
2.3 Dynamic Tone Reproduction Scaling tive comparisons consider only the basic algorithms, with
The output values in the intermediate pixel maRixwhich no d_iscussion on particular implementations or optimized
are real numbers, can range framn to max wheremin Versions. o )
andmaxare arbitrary values that depend on the content of An important common point is that in both the algo-
the picture. Thus, for each chromatic channel, we have tofithms, the three chromatic channels are processed sepa-
map this range into the integer inter(@l, 255 of the final r_ately. Differences are described in the following subsec-
output imageO, choosing reference values to translate and tOns.
scale this interval.

The proposed method linearly scales the value&in

wherer ., is the maximum value of function(-) indepen-
dently from the image content.

3.1 Comparing Image Pixels: Ratio Versus

with the following formula: Difference
While Retinex uses the ratio to compute the relative appear-
Oc(p)=round 127.5+ s;R.(p)], 7) ance of each pixel, ACE uses pixel subtraction. The real

Original

. Saturation Saturation "
Linear (slope 5) (slope 20) Signum

T

]

L

Fig. 5 Sample image filtered with different r(-) functions (after the dynamic tone reproduction scaling stage).
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Retinex

e e el

Fig. 8 Lightness constancy effect on a high-key image.

© C

Fig. 6 Computational asymmetries due to the distance d(-) near

the image margins. 3.3 Exploring the Image: Random Paths Versus

Global/L.ocal Weighting Distance

difference between the two is not based on this facta The various Retinex implementations differ in the way they
logarithmic space, the ratio becomes a differgnbet on explore the image. McCann'’s Retinex compares each pixel
the fact that ACE’s subtractions are distorted by the ampli- with its eight-neighbors in a multilevel framewofkOur
fying functionr (-). This nonlinearity is responsible for the implementation uses Brownian random pathsspired b

final contrast. Eliminating such distortion leads to unsatis- Zeki's studies about receptive field centroid distribution.

factory results, as can be seen in the left of Fig. 5. NASA Retinex uses a convolution with a predefined func-
tion that includes the concept of global/local filtering.
3.2 Nonlinearity in Perception: Reset Versus With a similar approach in considering locality, ACE
Amplifying Function uses a distance function weighting the contribution given to

In the Retinex model, the reset mechanism is devised to? PX€l by comparing it with other pixels in the image. The

perform a sort of “search for the channel maximum,” that Snape of this weighting function can be seen in the right of
can be seen as a kind of local white patch behavior. TheF'9: 6-

locality of this effect, in the basic algorithm, depends on the , EVen if in different ways, the pixel recomputation across
number and the randomness of the paths, in other impIe-the image allows these algorithms to simulate several local

mentations on the hierarchy of the decomposifi@r, on chromatic perceptual effects, e.g., the simultaneous contrast

34,36
the shape of the filtering functiohThe reset introduces a or the Cornsweet effecf.
nonlinearity that follows the nonlinearity of perception, and
is one of the major characteristics of this family of algo- . ; ;
rithms and also the basis of their local effect. 3.4 gi;ﬁgg Stage: Dynamic Tone Reproduction

This nonlinearity is maintained in ACE by the amplify- ) ] )
ing functionr(-) that emphasizes the single pixel differ- This second and final stage prepares the computed image

ence. It enhances the relative influence of brighter and dim-for visualization. Based on ratios, Retinex produces output

mer zones around the pixel being computed, weighted byvalues for each chromatic channel in the raf@#€]. These

distanced(-). This mechanism, repeated for every pixel, values are scaled intp the available dynamic range only at
expands and compresses the dynamic range in different arthe end of computation. Due to the reset mechanism that
eas of the image, driven by the local image content. As a
final result, this pixel difference enhancement acts as a sort
of local maximum referencing, similar to the Retinex reset. Taﬁ'e 1 Lightness and dynamic data of the two images of Figs. 7

and 8.

Dark image Original Retinex ACE
Mean 49.87 84.44 128.64
Histogram flatness 38779 20347 12656
% used dynamic 91.41% 98.44% 96.09%
% unused black 0% 0.39% 3.51%
% unused white 0% 1.17% 0%
Light image Original Retinex ACE
Driginaf Retinex Mean 194.86 181.04 131.88
Histogram flatness 48669 52357 22442
L . i % used dynamic 98.82% 95.31% 99.61%
A % unused black 1.17% 1.17% 0%
L L L )
% unused white 0% 3.51% 0.39%

Fig. 7 Lightness constancy effect on a low-key image.
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{}rfgjmj mgr ACE Retinex Table 3 Mean AE on Retinex filtered synthetic images.
. " Retinex A B Cc D65 Hg Mix
! S A 0
B 11.74 0
C 15.41 7.81 0
Histogram Egq. White Patch Gray World D65 1437 755 578 0
L Hg 18.68 13.47 12.48 12.98 0
Mix 11.77 9.75 11.21 9.87 15.52 0

devised to produce quantitative measures of HVS simula-
tion capabilities. However, qualitative HVS behavior can

Fig. 9 Visual comparison of different global and local equalization be very useful in digital image processing, as presented in
algorithms on the synthetic image under illuminant A. the following sections, and as confirmed by various appli-
cations of Retinex in the field of digital imaging.

searches the white, more precise results are usually ob

. - . . . 4.1 Lightness Constancy and Dynamic Modification
tained in recovering high-key colors. Precision can de- '9 Y 4 ! ieatl

crease with very dark tonéé. One of the main effects of an equalization algorithm is the
Also, ACE maps the output of its first phase, held in the image’s mean lightness adjustment. Retinex, like most of
intermediate pixels matriR, into the final output imag®. the color correction algorithms that search for the white,

This second phase is not a simple linear scaling. The highef€"ds t0 increase the overall lightness of the image if its
R value is chosen as white reference, and the zef@ as ~ Mean lightness is below the medium gray, but does not
' change it significantly if its mean is over the medium value.

the medium gray value, for each channel. For this reason, ; .
the available dynamic could not be used entirely, and tonesOn the contrary, ACE, due to its gray world behavior com-

around the very dark values could be lost or distorted. ponent, is able to modify the image’s mean lightness in

Therefore, the blacks are not balanced with respect to the?th diréctions, according to its original value. This differ-
whites, preferring instead a global balance between grayfance has been eliminated in some recent Retinex

040
world and white patch. This causes ACE to behave like mplementa’uoné. . -
Retinex for dark tone values. In Figs. 7 and 8, two examples of lightness equalization

are shown. In the first image that is slightly underexposed
- N : (low key), both Retinex and ACE increase the mean light-
4 D_'g'tal I;qual|zat|on Properties ) ~__ness, while in the second one that is overexpodegh
In this section, we present an overview of the more signifi- key), only ACE reduces the mean lightness. Since Retinex
cant Retinex and ACE filtering properties, with quantitative js a WP algorithm, to equalize toward the dark tones, it
and/or qualitative measures. _ ~ should be combined with an alternative mechanism, like
The Retinex |mpLementat|on used for this comparison is G\.
the Brownian pathg! It has been proven that choosing one  |n the example of Fig. 7, the effect of the two algorithms
versmgrg over another does not significantly change the finalon the image dynamic is very similar. It can be verified
result™ Except where noted, the parameters used for Ret-qualitatively from the image histograms and quantitatively
inex are: paths 20, threshole-0.05, max Brownian from the values presented in Table 1.
displacement 40 pixels, and Brownian leveis3. In this table,histogram flatnesss the L1 distance be-
Regarding ACE, except where noted, the parameters aretween the image histogram and a flat histogram on the same
saturation function with slope 20 ag-), and Euclidean image size, the percenised dynamids the percentage of
distance asl(-). the used values in the available dynamic range, and the
If not differently specified, all the example images are percentunused blacland percentinused whitere the per-
uncalibrated. Consequently, all the following tests are not centage of contiguous unused values in the lower and upper

Table 2 Mean AE on original synthetic images. Table 4 Mean AE on ACE filtered synthetic images.
Original A B C D65 Hg Mix ACE A B C D65 Hg Mix
A 0 A 0
B 36.12 0 B 6.19 0
C 52.56 17.06 0 C 7.22 1.81 0
D65 48.56 12.51 6.45 0 D65 6.94 1.68 1.33 0
Hg 46.1 18.42 21.05 19.15 0 Hg 8.48 5.05 5 5.09 0
Mix 27.1 9.52 25.76 21.55 24.49 0 Mix 8.74 8.08 8.63 8.46 10.34 0
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part of the histogram, respectively. Histogram flatness val- Original Retinex ACE
ues are not normalized to the image size, since we are

interested in comparing differences of this value on the
same image, before and after the two filtering: lower values
correspond to flatter histograms.

Note from the values in Table 1 that ACE moves the
lightness mean toward medium gray and increases the per
centage of used dynamic and flatness of the histogram. Ret
inex, in the low-key image, has a smaller effect on the
mean lightness, but a larger increment of used dynamic. Or
the contrary, on the high-key image its effect is almost null.

4.2 Color Constancy

To measure the algorithms ability to perforoolor con-
stancy we have computed the meart? distance across all
the corresponding pixels between two images of the same
size:

> AE[11(p),lx(p)]
AE :pelmage
mean sizex- sizey '

wherel; andl, are the images to be compared, and zize
and sizey are the image size in pixels. He

This measure allows ideal color constancy. A il
value indicates a perfect discount of the illuminant, and
consequently an absolute recovery of the object’s corre-
sponding colors. Such a separation does not occur unde
real conditions: HVS performs a significant, but incom- gy
plete, adaptatiof* Thus, the significance of this measure
comes from its variation before and after the adjustment.
Consequently, no absolute meaning can be assigned to its
numerical value. Fig. 10 Visual comparison of Retinex and ACE filtering on synthetic

To test this feature, we have used a set of six syntheticimages.
images generated by a photometric ray tracer program from
the same 3-D scene using six different lighting conditions.
The six synthetic images were generated with a photomet-
ric ray-tracing algorithr?? from a 3-D livingroom model.
Spectral radiance for each pixel has been computed from
syntethic model of virtual scene. The scene is characterize
in terms of geometry of objects, spectral reflectance of sur-
faces, and spectral power distribution of illuminantsy Z
tristimulus values of each pixel are computed from the ra-
diance using the CIE31 color matching function, and then
are converted taRGBcolor space. The light sources used
were the standard CIE illuminant A, B, C, D65, and a Hg
lamp; the latter image was obtained using a mix of these
illuminants.

A visual comparison of different global and local equal-
ization algorithms on the synthetic image under illuminant
A is shown in Fig. 9. Note thatistogram equalizatioand

reduced with filtering. In the image with more than one
illuminant, both Retinex and ACE leave some local color
leeds. This result is consistent with human behavior,
where if different illuminants are present in the field of
view, color constancy fails, and we can notice easily the
illuminant color.

A quantitative result comparison of the global and local
equalization algorithms shown in Fig. 9 is visible in Fig.
11. The meamE distance of the original images is nor-
malized to 100 to measure the other distances in terms of
percentage. In the worst casestogram equalizationthis
distance is increased by a factor of 10%; Retinex decrease

white patchare not able to eliminate the color cagtay T — T I, I i e O
world seems able to accomplish the task, but the result is Originals TTERETT
visually poor. By contrast, both Retinex and ACE results " HstogamEq | 2856 | 110%
are satisfactory. White Paich 27s | 100%
We have measured the meAlE chromatic distance for Gray Warld 1078 | 42%
any two illuminants on the originaTable 2, on the Ret- " Retinex s | 4w
inex (Table 3, and on the ACE filtered imagé3able 4. ACE 62 | 2%

A visual comparison of Retinex and ACE filtering on the
entire image set Is ShOWn n Fig. '10- Note th‘_”u the chro- rig, 11 Quantitative result comparison among different equalization
matic dominant of the illuminant is always significantly algorithms.
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Original

Retinex
: Aoy ety

Retinex ACE

Fig. 13 Simultaneous contrast visual configuration and the relative
Retinex and ACE filtering.

Again, the effect of the two algorithms is very similar,
Fig. 12 Retinex and ACE local filtering effect. eliminating the shadow. A quantitative comparison of the
filtering effects is visible in Table 5, where the mean light-
. ) i ) ness of the left and right parts of the images in Fig. 12 are
gi; 46%, while ACE performs better with a reduction to presented. Another example of local filtering is presented in
0. Fig. 13.

4.3 Global and Local Filtering Effect

To test the locality of the two algorithms, we have used ) i ] ) o
images from a new databaé®B), realized by the authors, Using Retinex or ACE to filter an image with a limited
devised for color constancy algorithm comparié%n. col_or.palette_ results in a dat_a-drlven colqr dequantlzatllon.

Images in this DB have been captured under different This interesting property denvgs from their local behgwor,
illuminants, using two illumination patterns: a diffuse light- according to which all of the pixels are recomputed in re-
ing and the same lighting divided by a shadow due to par-
tial light occlusion. The presence of different lightness lev-
els in the same image allows for the testing of local effects Original Retinex
in color correction. i

One of the images chosen from this DB is shown in Fig.
12, together with the Retinex and ACE outputs, including geie
the respective image differences from the original. Both §
Retinex and ACE simultaneously perform global and local &
filtering, as shown through the analysis of the image differ-
ences, visualized around the medium gray in the figure. ‘ ‘ ‘ :

| |

4.4 Data-Driven Color Dequantization

WY

Table 5 Mean lightness of the left and right parts of the images in

Fig. 12. ‘ ‘ ‘ ,
|
Mean lightness Original Retinex ACE '
Left 61.74 100.18 102.03 ‘ |
Right 147.93 159.35 154.02 | {
Right - left 86.19 59.17 51.99

Fig. 14 Retinex and ACE color dequantization.
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Table 6 Percentage of used image dynamic before and after filter- the path’s generatlon parameterS, dndan be set as a

'ng- parameter, affecting the quality of the result. The basic
ACE algorithm has a higher computational ca3¢N?). To
reach more efficient computatide.g., O(N logN)], sev-

eral approaches and solutions have been devised to deal
with this problem; however, they are not the subject of this
work. For more details, refer to Refs. 32, 33, and 43.

Quantized Retinex ACE

% used dynamic 41.4% 97.65% 99.21%

lation to the rest of the image. This local recomputanon is
the criterion for the final spatial distribution in the image of 5 Conclusions
the original quantized values. We present a comparison between Retinex and ACE, two
In the example shown in Fig. 14, the original and filtered unsupervised color equalization algorithms. Their two com-
images are shown together with their channel histogramsputational models are described in detail and common
The original image has eight values per channel. For thispoints and differences are discussed.
test, ACE uses a linear scaling in its second phase to not The two algorithms show comparable properties of
add an additional lightness change, and the slopd 9fis lightness and color constancy, image dynamic stretching,
set to 5 instead of 20 to not increase the overall contrast. and data-driven dequantization. The major difference can
Observing the histogram shapes in Fig. 14, it can bebe noticed in filtering high-key images, where only ACE
noticed that while the presented Retinex implementation isequalizes the mean lightness because of the absence in Ret-
mainly a WP approach, ACE has both WP and GW behav-inex of a GW compensation mechanism.
iors. In fact, Retinex dequantization can be noticed in the  Other interesting features of both Retinex and ACE are
histogram mainly on the right side of dequantized values, their global and local filtering effect, and their ability to
while ACE effect can be seen in both darker and lighter compute visual appearance in illusory visual configura-
directions. The dequantization effect can also be verified intions. In a reported experiment with four simultaneous con-
Table 6, where the percentage of used image dynamic igrast patterns, these two algorithms have computed the ex-
shown. pected visual appearance with different saturation and
brightness, but with the same hue. This interesting result
4.5 Computing Visual lllusions suggests the use of visual illusions for parameter tuning of

The two algorithms have been tested on several visual illu-these algorithms.
sions. The results obtained so far confirm that they behave
qualitatively like the human visual systefR®343641.42
Here we present a comparison on an image composed byXéferences
four simultaneous contrast patterns with different back-
ground colors. sze _
This configuration and the relative outputs are shown in 8‘5?2‘;“3“"9 Data and Formulasohn Wiley and Sons, New York
Fig. 13. Both the computations follow the expected visual . j Albers)nteraction of Color Yale University Press, New Haven, CT
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