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Abstract of sampling points needed increases drastically when increasing
Many algorithms for spatial color correction of digital im- the image size and consequently also the computational time.
ages have been proposed in the past. Some of the most recently In this work, we propose and test an alternative method for
developed algorithms use stochastic sampling of the image in orcalculating the two envelope functions of STRESS, replacing
der to obtain maximum and minimum envelope functions. Thethe the stochasting sampling with a constrained total variation
envelopes are in turn used to guide the color adjustment of themethod. We want to emphasize that although much of idea is
entire image. the same, it is not just another implementation of STRESS as
In this paper, we propose to use a variational method in- the two algorithms follow a different strategy for calculating the
stead of the stochastic sampling to compute the envelopes. A nienvelopes and they show different behaviors.
merical scheme for solving the variational equations is outlined, In order to give to the reader a complete and detailed overview,
and we conclude that the variational approach is computation- STRESS will be described in the next section, followed by our
ally more efficient than using stochastic sampling. new proposal. Afterwards, a description of the method of evalu-
A perceptual experiment with 20 observers and 13 imagesation of our proposal in addition to some implementation details
is carried out in order to evaluate the quality of the resulting are presented. Finally, experimental results are shown and con-
images with the two approaches. There is no significant differ-clusions are drawn.
ence between the variational approach and the stochastic sam-
pling when it comes to overall image quality as judged by the Spatio-Temporal Retinex-like Envelope with Stochas-
observers. However, the observed level of noise in the images itic Sampling (STRESS)

significantly reduced by the variational approach. The STRESS algorithm developed by Eslet al. [12] aims
to reproduce some of the adjustment mechanisms typical for the
Introduction Human Visual System. The central part of the STRESS algo-

A great amount of research has been done on Human Visuatithm is to calculate, for each pixel, the local reference black and
System (HVS), which is quite difficult to mimick as the HVS white points in each chromatic channel. This is done through
has complex and robust mechanisms to acquire useful informaealculating two envelope functions, the maximum and minimum
tions from the physical environment. In particular the color of envelopes, containing the image signal. The two envelopes, de-
an area in a visual scene is heavily influenced by the chromatimoted asEnax andEmin, are slowly varying functions, such that
content of the other areas of the scene. This psychophysiologicathe image signal is always in between the envelopes or equal to
phenomenon is known as locality of color perception. one of them. In particular the two envelopes should have the fol-

One of the earliest models able to deal with locality of per- lowing characteristics: 1) following the signal; 2) being smooth;
ception is Retinex, proposed by Land and McCann in 1971 [14],3) being edge preserving; 4) touching the global maximum of the
which is an image processing method that exhibits some behavimage forEmax, While the global minimum foEqy;p.
iors similar to the HVS. The scientific community has contin- For each pixelpg, the two envelopes are estimated using a
ued to be interested in this model and its various applicationsrandom spray modeled as follows:
as reported in [17, 16]. In the basic Land and McCann imple-
mentation of Retinex, locality is achieved by long paths scanning Emin = Po — VT, (1a)
across images. Different implementations and analysis followed Emax= Po+ (1—VT) = Emin+T7 (1b)
after this first work. These can be divided into two major groups,
and they differ in the way they achieve locality. The first group where:
explore the image using paths or computing ratios with neigh-

bors in a multilevel framework [7, 13, 15, 21, 8, 4]. and recent r— 1 N " (2a)
approaches work using in particular Brownian motions models N £ a

[6, 18]. The second group computes values over the image with N

convolution mask or weighting distances [11, 1, 10, 5, 20]. V= % Vi (2b)

A recent implementation, constructed to investigate the ef-
fects of different spatial samplings, replaces paths with random ) . -
sprays, i.e. two-dimensional point distributions across the im-N denotes the number of iterations, whileis the range of the
age, hence the name "Random Spray Retinex” (RSR) [19]. inSamples and; the relative value of the center pixel given as:
a follow-up, Kobs et al. [12] developed the "Spatio-Temporal
Retinex-like Envelope with Stochastic Sampling” (STRESS) frame-

. _ dnax__ Jmin
work, where the random sprays are used to calculate two enve- =" S (3a)
lope functions representing the local reference black and white % ifri=0
points. Both algorithms need a high density of samples in order VIS R ee (3b)
fi

to lower the amount of noise, but they never sample the whole
image in order to keep a local effect. Furthermore the number



" andg™" are the maximum and minimum samples, found as: observers. In the first perceptual experiment each STRETV im-
age was compared to its original and the observers were asked
ax max pj to choose the image based on their preference. In the second
gnax— ! (4a) . : .
je{1,2,...,M} ’ perceptual experiment each STRETV image was compared to its
- min p; relative processed with STRESS and in a first round the observers
s = jef{12 _.J_ M} (4b)  were asked to choose the image based on their preference while
T in a second round they were asked to pick the image with more
whereM is the number of Samp|es amis the pixe| at iteratiomn. noise. Whenever the STRETV image did not succeed in the first
Given the two envelopes, each pixgl is adjusted as fol- ~ experiment, it was discarded from the second experiment.
lows:

Results
Pstress= _Po—Enmin (5) Figure 1-2 shows the 13 original images in the middle, the
Emax— Emin corresponding processed by STRETV on the right and the cor-

responding processed by STRESS on the left. Due to page limi-
tations, it is not possible to analyze all the images but particular
‘?nteresting results for STRETV can be found in Figures 1(c), 2(1),

2(r) where the reflections present in the water, windows and eye-
glasses respectively are more visible and in Figure 2(0) where
the red component is corrected and identification of objects in

In this way STRESS aims to enhance the contrast of the
image, giving highlight/emphasis to details and balance the thre
channels of the image, thus performing a color correction.

Our proposal

The main feature of the STRESS algorithm is the calcula- .
i f th loDeE. dE f h ch L the map are perceptually easier.
p;(r)cr)]pgsal ?hzn:;(?ﬁzstirgaéaar:plen}g rgglzigd Svit(’;ntnhee. to?aIO\L/j;ria Figure 3 shows the preference of the 20 observers on the
: . ““tested im for the first hophysical experiment and we can
tion method for calculating the two envelopes. The following ested images for the first psychophysical experiment and we ca)

. . . clearly see that STRETV succeeds on 11 of 13 images with six
equ.atlon.descrlbes our model, caIlS?lF{ETV(Sano-Temporal of them with a preference equal or greater than 85% of the rates.
Retinex-like Envelope with Total Variation):

The reason of the defeat for Figure 1(i) and of the draw for Figure
2(f) with respect to their original can be found in the fact that

N L. A 5 observers perceived a loss of naturalness.
mlnlmlzeTV:mlnlmlze/ |DE|dQ+§/ |[E—1|7dQ (6)
Q Q

wherel is the original image channdt, is the maximum or mini- PREFERENCE m Original m STRETV
mum envelopeQ is the domain of the imagdy, | UE | dQ is the 20
total variational term, and [, | E —1 |2 dQ is the non-smooth 12
fidelity term withA weighting factor for the data attachment. %g .
This minimization is subject to the three following con- %‘5} = =
straints: following the signaEmax > | andEmin < |. The corre- 2 13 1
sponding Euler-Lagrange equation is as follows: g ﬁ I
10 4
OE 2 . .
0. CAE-1)=0 W 7 —
IOE] ; e
2 - .
wherel is the original image channeE is the maximum and 3 .- =
minimum envelopelJ- (%) is the driving force to the smooth- (1} = =

ness, and(E —1) is the driving force to the data attachment with
O<Axl.
The solution is computed using an Euler explicit time march-
ing scheme for each color channel: Figure 3. Observer's preference of STRETV with respect to its original on the 13
tested images.

UE oE
’ <m> —ME-1)= ot ®) Figure 4 shows the preference of the 20 observers for the
second psychophysical experiment, where STRETV was com-
applying Neumann boundary conditions and the regularizationpared to STRESS. Figure 5 shows the perceived noise of the 20
proposed by Blomgren and Chan [2] at each iteration. At endobservers for STRETV and STRESS. STRETV is preferred for
of each iteration the constraints are enforced in order to avoid7 of the 11 images and it results to be less noisy for 9 of the 11

numerical errors. images.
) Furthermore, STRETV has lower computational complex-
Methodology Evaluation ity than STRESSO(N - n) againstO(N - M - n), whereN is the

Preliminary tests indicate that STRETV works well with number of iterationsn is the number of pixels in the image and
A = 0.1 andA = 0.001, using a unit time stegM = 1). The M is the number of samples. As consequence STRETV is faster
algorithm has been implemented in Matlab (using Parallel Com-than STRESS implemented in MATLAB. On the other hand a
puting Toolbox) and tested on a DELL Latitude Model E6520. new implementation of STRESS in CUDA provided by the orig-
In order to evaluate the quality of STRETV, two perceptual inal authors [12] is more efficient than STRETV.
experiments have been carried out. A set of 13 images chosen A sign-test at 95% confident interval shows that STRETV
following the recommendations from [9, 3] were evaluated in a is significantly better than the original and having the same per-
pairwise comparison on neutral grey background to a total of 20formance of STRESS but producing images less noisy.
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Figure 1. STRESS on the left, original in the middle, STRETV on the right.



Figure 2. STRESS on the left, original in the middle, STRETV on the right.
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Figure 4.
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Observer's preference of STRETV in respect of STRESS on the 11

tested images.
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Observer's perceived noise of STRETV and STRESS on the 11 tested

Conclusions

We have developed a new Retinex algorithm named STRETV
(Spatio-Temporal Retinex-like Envelope with Total Variation),
following the approach of Kdis et al. [12] for the STRESS al-
gorithm (Spatio-Temporal Retinex-like Envelope with Stochastic
Sampling), which adjusts each pixel calculating the local refer-
ence of lighter and darker points in each channel. This is done
estimating two envelope functions, the maximum and minimum
envelopes, containing the image signal, through the total varia-
tion method.

STRETV shows promising results in contrast enhancement
and automatic color correction. A first psychophysical experi-
ment on 13 images with 20 observers confirm the efficiency of
the method with a noticeable success of STRETV on 11 images
in comparison to the original. A second psychophysical experi-
ment shows that the overall performance of STRESS is not sig-
nificantly different at 95% confidence level. At the same time a
higher preference of the observers of STRETV with respect to
STRESS is noticed due to a lower perception of noise.

Future work can consist of extending STRETV to high dy-
namic range imaging rendering and color-to-grey conversion to
be fully comparable with the STRESS and other spatial color al-
gorithms.
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