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Abstract

The Retinex algorithm originally presented by Land and McCann uses random paths to explore
the image. Throughout the decades, many versions of the Retinex algorithm have been proposed,
mainly differing in the way they explore the image, with e.g.random paths, random samples, convo-
lution masks, and variational formulations. In this paper,we propose a step back towards the origin,
replacing random paths by traces of specialized ants swarm,here called termites. In presenting the
spatial characteristics of the proposed method we discuss differences in path exploration with other
Retinex implementations. Two experiments on nine images with 20 observers have been carried out
and the results indicate an higher preference of our proposal with respect to the original ones and a
previous implementation of Retinex.

1 Introduction

During the past decades a great amount of research has been done on understanding human visual percep-
tion, which is not a trivial task as the Human Visual System (HVS) has complexand robust mechanisms
to acquire useful informations from the environment. In particular, the color appearance of an area is in-
fluenced by the chromatic content of the other areas of the scene. This psychophysiological phenomenon
is referred as locality of color perception.

Different image processing methods and frameworks attempted to deal with locality of image ap-
pearance and to exhibit behaviors similar to HVS, such as ACE [26], iCAM [8], and the various Retinex
implementations, which are the interest of this work.

In the original Retinex, proposed by Land and McCann [16, 17] the locality of perception is achieved
by long paths scanning across the image, accounting for pixel ratio computation in each chromatic chan-
nel. The scientific community has continued to be interested in this model and its various applications,
as reported in [20, 19]. Different implementations and analysis followed after this first work and these
can be divided into three major groups, which differ in the way they achievelocality.

The first group explores the image using paths or extracting random pixelsaround the pixel of interest
or computing ratio with neighbors in a multilevel framework [9, 18, 25, 10] whilethe second group
instead computes values over the image with convolution masks or weighting distances [13, 1]. The
third group uses differential mathematical techniques based on Poisson-equation-type and variational
approaches [14, 22].

Recent implementations, constructed to investigate the effects of different spatial samplings, replaces
paths with random sprays, i.e. two-dimensional point distributions across the image, hence the name
”Random Spray Retinex” (RSR) [24]. In a follow-up, Kolås et al. [15] developed the ”Spatio-Temporal
Retinex-like Envelope with Stochastic Sampling” (STRESS) framework, where the random sprays are
used to calculate two envelope functions representing the local reference of lighter and darker points. All
these algorithms need an high density of samples in order to lower the amount ofnoise but they never
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sample the whole image in order to keep the local effect. Furthermore the number of sampling points
needed increases drastically when increasing the image size and consequently also the computational
time.

In this work we start from the random path approach of the first group inparticular the Brownian
motions models [18, 21]. Here, the idea of the paths is implemented using an artificial model inspired
from a biological process: theAnt Colony System(ACS) model proposed by Dorigo et al. in 1991 [7]
for theTravelling Salesman Problem.

Inspired by the behavior of the ants in food foraging, Dorigo et al. developed in 1991 the so called
Ant Colony System(ACS) for solving the well-knownTravelling Salesman Problem(TSP) [7, 4], fol-
lowed by some improvements [6]. Since its development and especially after thepioneer workThe Ant
Colony Optimization Meta-Heuristic(ACO) [5], ACO has touched also the field of image processing,
i.e. segmentation [2], classification [29], and edge detection [12] showingparticular robustness against
noise.

In this work we propose a new implementation of Retinex, following the first group approach, in
particular substituting the Brownian paths with ant colony investigation of the image. The rest of this
paper will be organized as follows: Section 2 briefly recalls the ACS system,followed by our proposal in
Section 3. Section 4 presents the method of evaluation and next the results are presented and discussed
in Section 5. Finally, in section 6 conclusions are drawn.

2 Ant Colony System Model

The Ant Colony System(ACS) model proposed by Dorigo et al. in 1991 [7, 4] is able to converge
to the optimal solution of instances of theTravelling Salesman Problem(TSP), an NP-hard problem
in combinatorial optimization and theoretical computer science, where given alist of cities and their
pairwise distances, the task is to find a shortest possible tour that visits eachcity exactly once. Optimal
results with short computational time are shown when cities are on a plane and apath (edge) exists
between each pair of cities (i.e., the TSP graph is completely connected).

Three ideas from natural ant behavior are transferred to the artificialant colony:

1. The preference for paths with a high pheromone level,

2. The higher rate of growth of the amount of pheromone on shorter paths,

3. The trail mediated communication among ants.

An artificial antk in city r chooses the citys to move to among those which do not belong to its working
memoryMk by applying the following probabilistic formula [7]:

pk(r,s) =







(τr,s)
α (ηr,u)

β

∑u/∈Mk
(τr,u)

α (ηr,u)
β if s /∈ Mk

0 otherwise
(1)

whereτr,u is the amount of pheromone trail on edge(r,u),ηr,u is a heuristic function called visibility,
which is the inverse of the distance between citiesr andu and,α andβ are parameters that allow a user
to control the importance of the trail versus the visibility.

3 Termite Retinex

Before introducing our model, we recall also the basic idea of Brownian Retinex [18], where Relative
channel lightness(L) at a pointi is the mean value of the relative channel lightnesses(l) computed along

2



Termite G. Simone, G. Audino, I. Farup, A. Rizzi

N random paths from pointj to the pointi (Figure 1):

Li =
∑N

h=1 l i, j
h

N
(2)

where

l i, j
h = ∏

x∈path

δ ·
(

Ix+1

Ix

)

(3)

whereI is the lightness intensity of the pixelx, h is indicating the path andδ represents the reset mecha-
nism as described in detail in [19].

Figure 1:N random paths from pointj to the pointi.

Here we propose an implementation of Retinex following the mechanisms described above but with
the novelty of replacing the Brownian paths with an ant colony investigation. Thus in order to create the
so calledTermite Retinex(TR), the ant colony system needs some modifications, which consists in the
following assumptions and constraints:

1. Pixels are considered cities: a termite can choose to move only on one of the8 neighboring pixels
(no jumps).

2. Preference for a brighter pixel: the visibilityη is substituted with the bilateral distancec defined
below, that we will refer tocloseness.

3. Preference for paths with a lowpoisonlevel (we want divergence), in order to explore different
areas of the image: the poison level is the inverse of the amount of pheromone: θ = 1

τ .

So in our modified model an artificial termitek in pixel r chooses the pixels to move to among those
which do not belong to its working memoryMk by applying the following probabilistic formula:

pk(r,s) =







(θr,s)
α (cr,s)

β

∑u/∈Mk and u∈N8
(θr,u)

α (cr,u)
β if s /∈ Mk ands∈ N8

0 otherwise
(4)

whereθr,u is the amount of poison on pixelu, cr,u is the bilateral distance between pixelsr andu and,α
andβ are parameters which weight the importance of the poison versus the closeness, which is directly
related to the brightness of the pixel. In case all the surrounding pixels have the same probability, one
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pixel is drawn randomly with uniform probability.Mk list contains the pixels that have already been
visited by thekth ant. The bilateral distancecr,u is defined as follows:

cr,u =
de+dv√

2
(5a)

de =

√

(xr −xu)
2+(yr −yu)

2 (5b)

dv = |I (xr ,yr)− I (xu,yu)| (5c)

wherede anddv are the distance in coordinates and in intensity values respectively,I is the image channel
and(x,y) are the coordinates of the pixels.

In daily life, termites are also known as “white ants” and as this model attempts an eager exploration
in search of the reference local white, from that the nameTermite Retinex.

4 Algorithm Characteristics

4.1 Tuning of the Parameters

In the TSP problem, all the meta-heuristics attempt to find the optimal solution. In thefield of spatial
color algorithms (SCA) [27, 19], the optimal solution depends on the task of the algorithm and it is still
subject of research. In the work that we are presenting the goal of thefiltering is a qualitative emulation
of the HVS for an unsupervised image enhancement. Thus several questions arise for the choice of the
parameters:

1. How many termitesk do we need to properly explore the image?

2. How far should a termite travel (number of pixelsNs indicating the length of the path)?

3. Which values shouldα andβ assume to make the termites explore the image properly?

4. How much poisonθ should be added once a termite has visited a pixel in order to enforce the
divergence of the paths?

Previous studies of investigation of the parameters [28] and indicate that for the recalculation of
each pixel a particular configuration with 500 termites (k = 500) visiting 500 pixels (Ns = 500) with
α = 0.1 andβ = 0.9 are in line with observers preference. This configuration comes out from a set of
pre-tests and an experiment with eight images and 20 observers designedwith the intent to investigate
the importance of the poison in respect to the closeness and as consequence how to direct the termite
swarm [28]. Results have shown a higher observer preference forlow values ofα and high values ofβ .
We emphasize the fact that settingα = 0.1 andβ = 0.9 means that the poisonθ has very low importance
while the closenessc has very high importance and this causes a termite to easily choose a brighter pixel
even if it has been previously visited by another termite, resulting in this way in milder changes of the
original overall contrast. While the number of termites can be constant, the length of the path should be
chosen according to the image size and in particular a termite should never touch all the points because
we are interested in finding a local reference white and not the global whiteof the image. For the poison
we have chosen to use the unit quantityθ = 1 and leave the enforce of the divergence of paths for future
work. A more detailed investigation of the parameters set will be subject of future research.
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4.2 Computational Complexity

The computational complexity of theAnt Colony Systemproposed in 1991 [7] isO(NC·n3), whereNC
is the number of ant cycles andn is the number of cities in a istance of the TSP problem. Although its
higher computational complexity the ACS reaches the optimal solution of the TSP problem in a shorter
computational time than other heuristics [6]. In our case the ant cycle is not necessary because we do not
need to converge to an optimal solution and furthermore at each pixel recomputation each termite does
not have to touch all the pixels. As consequence the computational complexityof theTermite Retinexis
given by:

O(k ·Ns ·n) (6)

wherek is the number termites,Ns is the number of pixel (length of the path) visited by a termite andn
in this case is the number of pixels in the image. The TR follows the same computational complexity of
other SCAs, such as RSR or STRESS which have a computational complexity of O(N ·M ·n), whereN
is the number of iterations,M is the number of samples andn is the number of pixels in the image. On
the other hand regarding the computational time of TR, implemented in Matlab with no optimization,
can be slower than other SCAs which have been optimized i.e. in CUDA.

5 Test Results and Discussion

In order to evaluate the quality of the TR, two experiments with users have been carried out. A set of
nine images, shown in Figure 2, chosen following the recommendations from [11, 3], were evaluated in a
pairwise comparison on neutral grey background by a total of 20 observers, recruited from the computer
science field with most of them having knowledge of image processing.

In the first experiment each image processed with TR was compared to its original while in the second
experiment each image was compared to the one processed with RSR. Both experiments were performed
in uncontrolled environments as suggested from Zuffi et al. [30] and observers were asked to choose the
image based on their overall preference; no indication of any image quality attribute were given to the
partecipants [23]. While the first experiment has been designed with the intent of evaluating the efficacy
of the method the second experiment has been designed with the purpose evaluating the reconsidered
path-based approach of TR against a most recent spray-based onesuch as RSR.

Figure 3 shows the preference of the 20 observers on the tested images for the experiment and we
can clearly see that TR succeeds on all the images with three of them with a preference equal to 100%.
A sign-test at 5% confidence interval shows that TR is significantly better than the original. The sign test
is a non-parametric statistical test that is a good alternative to the familiar two-sample t-test in the case
where the data do not follow the normal distribution.

Figure 4 shows the overall preference of the 20 observers for the second experiment, where TR was
compared to RSR. TR is preferred for all the nine tested images, except for a draw with Image 5. Only
Image 4 has a noticeable preference of 100%. A sign-test at 5% confidence interval shows that TR is
significantly better than RSR.

Examples of images processed with RSR with respect to TR are shown in Figure 5. In order to lower
as much as possible the amount of noise, all the images were processed with RSR using 1000 iterations
(N = 1000) and 4000 samples (M = 4000), which require longer computational time with respect to TR,
using the same implementation language and no optimization techniques. For further details we refer to
the reader to Section and to [24, 15].

Since Retinex is a white patch algorithm[19], TR follows the same behavior. Thebrightest color in
the image is mapped to white and this is performed locally, in a way that is edge preserving. Furthermore
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(a) Image 1 (b) Image 2 (c) Image 3

(d) Image 4 (e) Image 5 (f) Image 6

(g) Image 7 (h) Image 8 (i) Image 9

Figure 2: The nine original images chosen for the two experiments.

like other SCAs[27], TR performs a content driven histogram flattening.The global/local filtering prop-
erties of TR result in an unsupervised color correction and image dynamic enhancement. An example of
color correction is visible in Figure 6, where the red component is balanced, while dynamic enhancement
is shown in Figure 7.

In conclusion we can candidate TR as new path-based Retinex with the particular novelty of swarm
intelligence behavior, which yields in several advantages with respect to spray-based approaches, which
have leaded lately.

6 Conclusion

We have developed a novel implementation of Retinex, reconsidering the ideaof the paths and taking an
existing artificial model inspired from a biological process. This new algorithm namedTermite Retinex
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Figure 3: First experiment results: observers preference of TR with respect to its original on the nine
tested images.

(TR) has marveled from the modification of theAnt Colony System(ACS) model proposed by Dorigo
et al. in 1991 [7]. In this case the purpose of TR is not the optimization of someconstraints but an
eager exploration of the image content, tuned in particular by two parameters,α andβ which weight
the importance of the so called “poison” and of the so called “closeness”. Following suggestions from
previous studies, indicating that giving very low importance to the poison an very high importance to the
closeness which causes a termite swarm investigating a particular region of an image to find the local
reference white, we have carried out two experiments in order to evaluatethe quality of TR. A set of nine
images processed with TR were evaluated by 20 observers, first in comparison with the original and then
with a previously developed implementation of Retinex. Results confirm the efficacy of the method with
higher observers preference in both experiments and a sign-test at 5%confidence interval confirms this
statement.

Future works will focus on different open issues: extending TR to colorgamut mapping and color-
to-grey, automatic retrieval of the parametersα andβ and the length of the path based on the image
content.
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Figure 4: Second experiment results: observers overall preference of TR with respect to RSR on the nine
tested images.
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Figure 7: Unsupervised dynamic range stretching of Image 5.

10



Termite G. Simone, G. Audino, I. Farup, A. Rizzi

search algorithm and multiscale contrast enhancement. InIEEE International Conference on Systems, Man
and Cybernetics., pages 2193 –2198, oct. 2009.

[13] D. J. Jobson, Z. Rahman, and G. A. Woodell. Properties and performance of a center/surround retinex.IEEE
Transactions on Image Processing, 6(3):451–462, 1997.

[14] R. Kimmel, M. Elad, D. Shaked, R. Keshet, and I. Sobel. A variational framework for retinex.International
Journal on Computer Vision, 52(1):7–23, April 2003.

[15] Ø. Kolås, I. Farup, and A. Rizzi. STRESS: A framework for spatial color algorithms. Journal of Imaging
Science and Technology, 55(4):040503, 2011.

[16] E. H. Land. The retinex.American Scientist, 52:247–64, 1964.

[17] E. H. Land and J. J. McCann. Lightness and retinex theory. Journal of the Optical Society of America,
61(1):1–11, jan 1971.

[18] D. Marini and A. Rizzi. A computational approach to color adaptation effects.Image and Vision Computing,
18:1005–1014, 2000.

[19] J. McCann and A. Rizzi.The Art and Science of HDR Imaging. John Wiley, 2011. ISBN: 978-0-470-66622-7.

[20] J. J. McCann. Capturing a black cat in shade: past and present of retinex color appearance models.Journal
of Electronic Imaging, 13(1):36–47, January 2004.

[21] R. Montagna and G. D. Finlayson. Constrained pseudo-brownian motion and its application to image en-
hancement.Journal of the Optical Society of America A, 28(8):1677–1688, Aug 2011.

[22] J. M. Morel, A. B. Petro, and C. Sbert. A pde formalization of retinex theory.IEEE Transactions on Image
Processing, 19:2825–2837, November 2010.

[23] M. Pedersen, N. Bonnier, J. Y. Hardeberg, and F. Albregtsen. Attributes of image quality for color prints.
Journal of Electronic Imaging, 19(1):011016–1 – 011016–13, January 2010.

[24] E. Provenzi, M. Fierro, A. Rizzi, L. D. Carli, D. Gadia, and D. Marini. Random spray retinex: A new retinex
implementation to investigate the local properties of the model. IEEE Transactions on Image Processing,
16(1):162–171, January 2007.

[25] A. Rizzi, C. Gatta, and D. Marini. Color correction between gray world and white patch. In B. E. Rogowitz
and T. N. Pappas, editors,Human Vision and Electronic Imaging VII, volume 4662 ofProceedings of SPIE,
pages 367–375, 2002.

[26] A. Rizzi, C. Gatta, and D. Marini. From retinex to automatic color equalization: issues in developing a new
algorithm for unsupervised color equalisation.Journal of Electronic Imaging, 13(1):75–84, January 2004.

[27] A. Rizzi and J. J. McCann. On the behavior of spatial models of color. In IS&T/SPIE Electronic Imaging,
volume 6493, page 649303, San Jose, California, USA, January 2007.

[28] G. Simone, G. Audino, I.Farup, and A. Rizzi. Termites: aRetinex implementation based on a colony of
agents. In B. Rogowitz and T. Pappas, editors,Color Imaging XVII: Displaying, Processing, Hardcopy, and
Applications, volume 7240, San Francisco, CA, USA, January 2012. SPIE.

[29] K. Thangavel, M. Karnan, R. Sivakumar, and A. Kaja Mohideen. Ant Colony System for Segmentation and
Classification of Microcalcification in Mammograms.The International Journal of Artificial Intelligence and
Machine Learning, 3:29–40, 2005.

[30] S. Zuffi, C. Brambilla, R. Eschbach, and A. Rizzi. Controlled and uncontrolled viewing conditions in the
evaluation of prints. In R. Eschbach, G. G. Marcu, and S. Tominaga, editors,Color Imaging XIII: Processing,
Hardcopy, and Applications, volume 6807, page 680714, San Jose, CA, USA, 2008. SPIE.

11


	Introduction
	Ant Colony System Model
	Termite Retinex
	Algorithm Characteristics
	Tuning of the Parameters
	Computational Complexity

	Test Results and Discussion
	Conclusion
	Acknowledgment

