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Abstract This chapter presents a spatial color algorithm called Termite Retinex
and the problem of filtering locality in this family of algorithms for image enhance-
ment, inspired by the human vision system. The algorithm we present is a recent
implementation of Retinex with a colony of agents, which uses swarm intelligence
to explore the image, determining in this way the locality of its filtering. This results
in an unsupervised detail enhancement, dynamic range stretching, color correction,
and high dynamic range tone rendering. In the chapter we describe the characteristic
of glocality (glocal = global + local) of image exploration, and after a description
of the Retinex spatial color algorithm family, we present the Termite approach and
discuss results.

Keywords Retinex · Spatial color algorithm · Artificial termites · Image enhance-
ment

1 Introduction

The term “image enhancement” refers to a multitude of algorithms and approaches.
They differ in the way they realize the enhancement, and as a consequence, different
methods can be considered in order to measure their success. For example, one of the
subgoals of image enhancement is the adjustment of visual contrast, but no agreed
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measure of visual contrast in digital images exists. In particular, an important part in
image enhancement is played by the correction of color. Many image enhancement
algorithms mimic the Human Visual System (HVS) since it accomplish powerful
adjustment automatisms, like lightness constancy and color constancy. Lightness
constancy enables a stable perception of the scene regardless of changes in the mean
luminance intensity, while color constancy enables a stable perception of the scene
regardless of changes in the color of the illuminant [1]. The difference among taking
inspiration fromHVS or trying to mimic it is relevant [2]. Any model of vision needs
a careful calibration of input and output information up to single pixel level in order to
be used for the simulation of human vision. To ease these constraints, HVS could be
considered just as inspiration for image enhancement, with the goal tomeet observers
preferences rather than to match observer perceptual response [1, 3, 4]. This is the
approach we have followed in the design and implementation of the Termite Retinex
(TR) [5] method presented in this chapter, which uses swarm intelligence techniques
to tune the locality of Retinex filtering. Termite Retinex belongs to theMI-Retinex [6]
family of implementations of the Retinex theory, proposed by Land and McCann
[7, 8] as a model of color sensation of HVS.

All these algorithms belong to a family of computational models inspired by the
HVS, called Spatial Color Algorithms (SCAs) [2]. The visual evidence at the basis of
SCAs is that color sensation does not depend on the point-wise value of the stimulus,
but on the spatial arrangement of the stimuli in the scene. Same point-wise values of
radiance can originate a completely different visual response according to the image
content [9]. This mechanism is also at the basis of several visual illusions [10–12].
To implement this important principle, SCAs perform spatial comparisons among
the pixels in the input image. SCAs share a common structure of two phases. In the
first phase each pixel is computed according to the spatial distribution of the other
pixels in the image (all, or some of them, as prescribed by each implementation). To
form the output image, the matrix of values, spatially computed in the first phase, is
scaled in the second phase onto the available output dynamic range according to the
model goal. SCAs has been proven to be able to obtain high preferences scores in
terms of user preferences/pleasantness [3, 4].

In this chapter we present a brief overview of Retinex theory and models in
Sect. 2. In Sect. 3 we present Termite Retinex, and in Sect. 4 we analyze the effect of
swarm intelligence techniques in the exploitation of image locality. Finally, in Sect. 5
we present the properties of Termite Retinex and afterwards in Sect. 6 conclusions
are drawn.

2 Retinex Theory

The term Retinex has been coined by Land and McCann [7, 8, 13] referring to the
roles that both retina and cortex play in human vision. Land and McCann report [8]:
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Sensations of color show a strong correlation with reflectance, even though the amount of
visible light reaching the eye depends on the product of reflectance and illumination. The
visual system must achieve this remarkable result by a scheme that does not measure flux.
Such a scheme is described as the basis of retinex theory. This theory assumes that there are
three independent cone systems, each starting with a set of receptors peaking, respectively,
in the long-, middle-, and short-wavelength regions of the visible spectrum. Each system
forms a separate image of the world in terms of lightness that shows a strong correlation with
reflectance within its particular band of wavelengths. These images are not mixed, but rather
are compared to generate color sensations. The problem then becomes how the lightness of
areas in these separate images can be independent of flux.

The term “lightness”, for Land and McCann, is associated to the brightness sen-
sation in each channel. Edges among adjacent areas of an image, and lightness ratio
between two areas, play a fundamental role in the final appearance at each point.

Formally, Retinex is based on computing the relative channel lightness (L) at a
point i as the mean value of the relative channel lightnesses (l) computed along N
random paths from point j to the point i (Fig. 1a):

Li = ∑N
h=1 li, j

h

N
(1)

where,

li, j
h =

i∑

x= j

δlog

(
Ix+1∈path

Ix∈path

)

, (2)

where Ix is the lightness intensity of the pixel x , and Ix + 1 is the lightness intensity
of the pixel x +1 and h is indicating the path. An example of Random paths is shown
in Fig. 1. The reset mechanism δ forces the chain of ratios to restart from the unitary
value, considering the lightness value found at the reset point a new local reference
white [6]:
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where T is a defined threshold.
The three color channel R, G, and B are processed independently and thus the

lightness is represented by the triplet (L R , LG , L B) of lightness values in the three
chromatic channels.

The original formulation of Retinex does not provide a description of how to
generate the randompaths. This is a critical point: inRetinex, appearance is calculated
using ratios, and the ratios are applied to samples in the image. Therefore, changing
the method to create the random paths (i.e., their structure), we change the way
locality is considered and introduced in the Retinex elaboration.

There is a large literature available on the different approaches applied for the
exploration of locality in the implementation of Retinex models. Here we present
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a brief overview of the main approaches and implementations, for an exhaustive
overview and analysis we suggest the reader to consult [6, 14].

We can identify two different approaches in Retinex implementations: sampling
and integrating.

In the sampling approach, Retinex elaboration in each pixel is applied using a
subset of samples in its neighborhood, selected along paths starting from the con-
sidered pixel. The Retinex implementations based on sampling follow strictly the
original model by Land and McCann, and they differ mainly in the method and
geometry of the paths (e.g. spiral [15], or double spiral [16]). In other implemen-
tations [10, 15, 17], path exploration has been addressed by means of multilevel
techniques, in which a multi-resolution pyramid of the input image is created, and
Retinex ratio- reset operation, applied to the neighborhood of the pixel, is iterated
from the coarsest to the finest level.

An important distinction among the sampling implementations regards the way
pixel computing is scheduled across the path: the implementations closer to the
original model update each pixel along the path, while the implementations in the
MI-Retinex [6] family of algorithms apply the update of the pixel only at the end
of each path. In Brownian Retinex [11], proposed by Marini and Rizzi, paths gen-
eration is based on an approximation of Brownian paths (Fig. 1b), inspired by the
results of neuro-physiological research about human cortical vision areas, where the
distribution of receptive fields centroids mimics a Brownian path, as demonstrated
in many experiments by Zeki [18]. Brownian motion has been also investigated
in [19] by Montagna and Finlayson, where it is proposed an efficient algorithm for
the generation of pseudo-Brownian paths (Fig. 1c), applied to the original Retinex
approach.

The sampling approach has been investigated in [20], where the authors have
proved the redundancy of the MI-Retinex path-wise approach, demonstrating that,
along a path, only the pixel with the highest value is relevant for the lightness cal-
culation. As a consequence, they have proposed a simplified reformulation of MI-
Retinex models and a novel implementation, called RSR (Random Spray Retinex)
[21] where paths are replaced by two-dimensional point sampling (called sprays)
across the image (Fig. 2), and the ratio-reset operation is replaced by a single ratio
between the input pixel and themaximum value found in the spray. STRESS (Spatio-
Temporal Retinex-inspired Envelope with Stochastic Sampling) [22] uses the same
spray approach of RSR, but with an alternative technique based on the consideration
for each pixel not only of the local maximum (reference white), but also of the local
minimum (reference black), in each chromatic channel. RSR approach has been used
also in the design of the RACE algorithm [23], which combines RSR with the ACE
computational model [12], another member of the SCA family.

The integrating approach follows a modification proposed by Land [24] in one
of his latest work, in which he has proposed to compute the lightness in a pixel
using the average of a surround of the pixel, weighted using the square distance
from the center. This approach is considerably different from the original Retinex
formulation since it uses no more the reset mechanism. This absence, together with
the average on a fixed region, makes it a Gray World type of algorithm, and not a
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Fig. 1 Representation of N random paths. Traditional Brownian motion investigation proposed by
Marini and Rizzi on the bottom-left, Pseudo-Brownian motion investigation proposed byMontagna
and Finlayson. Figure from [19]. a Random paths. b Brownian paths. c Pseudo-Brownian paths

White Patch one like the original Retinex. In this model, locality is considered on
the basis of the choice of the size of the surround, and of its sampling. Using a small
surround leads to a significant increase in local contrast but induces halo artifacts
along high contrast edges and an overall effect of desaturation in final color rendition.
On the contrary, adopting a larger surround reduces the artifacts, but provides less
increase in local contrast. Jobson et al. [25, 26] have taken inspiration from this
center/surround approach to develop the Multi Scale Retinex (MSR), in which they
have computed the weighted average of the surround by convolving the image with
a normalized kernel function. To overcome halo problems and color desaturation,
they have refined the algorithm by introducing a multilevel approach, and a color
restoration stage, respectively. Different modifications to MSR have been proposed,
like e.g. Ramponi et al. [27].
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Fig. 2 Four examples of random sprays used by RSR. The density of a spray depends on three
parameters: the radius of the spray, the radial density function, and the number of pixels per spray.
Figure from [21]

The Retinex differential mathematical approaches belong to the second family,
since their locality depends on the kernel they use to implement their variational
approach, without the use of path sampling (e.g. [28, 29]).

3 Termite Retinex

“Termite Retinex”, in short TR, is a path basedMI-Retinex implementation that takes
into account a swarm intelligence model. TR is directly derived from the Ant Colony
Optimization (ACO) model proposed by Dorigo et al. [30, 31] for the Traveling
Salesman Problem, which we briefly recall in order to be able to introduce TR.

The Traveling Salesman Problem (TSP) is probably the most famous NP-hard
problem in combinatorial optimization and theoretical computer science. Consider
a salesman who must visit n cities labeled v0, v1, . . . , vn . The salesman starts in
city v0, his home, and he wants to find an ordered tour, in which he can visit all
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the other cities only once and come back home, traveling as little total distance as
possible [32]. In other words:

Definition 1 Given a set of n cities and a pairwise distance function d(r, u), is there
a tour of length ≤ D?

In the original Ant Colony System [30], when cities are on a plane, and a path
(edge) exists between each pair of cities (i.e., the TSPgraph is completely connected),
an artificial ant k in city r chooses the city s to move to among those which do not
belong to its working memory Mk by applying the following probabilistic formula:

pk(r, s) =
{

(τr,s )
α(ηr,s )

β
∑

u /∈Mk
(τr,s )α(ηr,s )β

if s /∈ Mk

0 otherwise
, (4)

where τr,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 cities r and u and, α

and β are parameters that allow a user to control the importance of the trail versus the
visibility. The memory Mk is the taboo list of the kth ant, which contains the cities
that it has already visited. City s is inserted in the list when the ant transits from city
r to city s. The choice criteria of the parameters α and β can differ widely according
to the problem for which the ACO is used. A guideline on how to choose the values
of the different parameters for the TSP problem can be found in [31].

Essentially, from the origin of the ACO model to its consecutive works, three
ideas from natural ant behavior are transferred to the artificial ant 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.

In TR a convex combination of Eq.4 is derived with a different leading principle,
where an artificial termite k in pixel r chooses to move to the pixel s among those
that belong to the 8-neighborhood N8 and that do not currently belong to its working
memory Mk by applying the following probabilistic formula:

pk(r, s) =
{

(θs )
α(cr,s )

β
∑

u /∈Mk and u∈N8
(θu)α(cr,s )β

if s /∈ Mk and s ∈ N8

0 otherwise
, (5)

where θu is the amount of poison on pixel u, cr,u is the bilateral distance between
pixels r and u and, α and β are parameters weighting the importance of the poison
versus the closeness, which is directly related to the brightness of the pixel. In the case
all the surrounding pixels have the sameprobability, one pixel is drawn randomlywith
uniform probability. In our model the memory Mk is the taboo list of the kth termite,
which contains the coordinates of the pixels that the termite has already visited. This
list is updated inserting the coordinates of pixel s when the termite transits from pixel
r to pixel s. The poison is the inverse of the amount of pheromone, once a termite
has transited on pixel u, the quantity of poison on pixel u is updated as follows:
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τu = τu + Q (6a)

θu = 1

τu
(6b)

where Q is a chosen amount of poison with 0 < Q ≤ 1. As in Retinex model, each
pixel is treated independently, after processing a pixel, the amount of poison at all
pixels must be reset to the initial value of 1 before starting processing a new pixel.

Therefore, artificial termites are essentially governed by three principles:

1. The preference for pixels with a low poison level. Divergence is required, in order
to explore different areas of the image: the poison acts as a repulsion “force”,
inverse of the attraction force pheromone in ACO;

2. The growth of the amount of poison on visited pixels. The higher the quantity of
the poison added on a pixel, the stronger the divergence behavior of the termites.
Furthermore the poison is a feature that prevents the paths from a complete ran-
domness since it affects the glocality, it can be used as a tuning parameter in order
to obtain different spatial effects;

3. The length of the path,which also affects the glocality of the filtering. In particular,
a termite should never travel across the whole set of pixels in the image, because
it would lead the filtering to the global white asymptote and thus a to a global
white normalization of the image content.

Furthermore, the following constraints are required to be a novel tool for exploring
glocality:

1. A termite can choose to move only to one of the 8-neighboring pixels, jumps
forbidden. By exploring larger neighborhoods and allowing the termite to “jump”
might lead to not discovering the proper local reference white;

2. The choice of a pixel is based on its distance and intensity value: the visibility η

is substituted with the bilateral distance c as defined below, that we will refer to
as “closeness”. The use of the bilateral distance is known to be a suitable tool for
edge-preserving [33] and in TR is justified by the fact that the presence of halos
are reduced in the final image with respect to the simple distance based only in
intensity values (Fig. 3).

The bilateral distance cr,u is defined as follows:

cr,u = de + dv√
2

(7a)

de =
√

(xr − xu)2 + (yr − yu)2 (7b)

dv = |I (xr , yr ) − I (xu, yu)| (7c)

where de and dv are the distance in coordinates and in intensity values respectively, I
is the image channel and (x, y) are the coordinates of the pixels. When a termite has
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Fig. 3 Halos appearing using only the simple distance on intensity values on the bottom-left, using
bilateral distance on the bottom-right. a Original. b Only intensity values. c With bilateral distance

to choose among eight neighboring pixels with same intensity values, the preference
goes to one of the four diagonal pixels with respect to the vertical and horizontal
ones. This phenomenon of preference for the diagonal pixel gradually disappears
with a high number of termites and with the participation of the poison.

At the current stage, the readermaywonder why the proposedmethod is not called
“Ant Retinex”. Two reasons motivate the choice of “Termite Retinex”. Our artificial
termites attempt an eager exploration in search of the local referencewhite, in analogy
with biological worker termites, also known as “white ants”, which undertake the
labors of foraging. As well as the behavior of biological termites change with the
evolving of the nest structure, our artificial termites change their behavior with the
exploring of the image content.

4 Termite Retinex Locality

TR glocality is controlled by the following five parameters:

• α and β: they determine the trade off the quantity of poison found on the pixel
and between the brightness of a pixel to choose; In the case of high values of β,
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a pixel is chosen, even if already visited by another termite. On the contrary high
values of α force a termite to choose another direction;

• k (number of termites): it determines the size of the swarm, specifically higher is
the number of termites, higher is the chance to find the proper local referencewhite;

• Ns (length of the path): it determines how far a termite should travel, specifically
how wide is the area of the image to be explored by the swarm;

• Q (quantity of poison): it determines the strength of the divergence behavior of
the swarm.

In TR, the values of the parameters, do not change during pixel recomputation,
they are kept constant for the whole processing of the image.

Essentially, α and β determine the behavior of a single termite, k, Ns , and Q
influence the glocality and the final visual sensation of the image.

Figure4 shows the behavior of the termites with two different configurations of
α and β, specifically α = 0.9 and β = 0.1 in Fig. 4a, and α = 0.1 and β = 0.9 in
Fig. 4b. The higher the value of α and the lower the value of β, the wider the area
explored by the termites. Viceversa, the lower the value of α and the higher the value
of β, the smaller the area of the image explored, making the termites to forage the

Fig. 4 Termite investigation
with two different
configurations of α and β

and quantity of poison
Q = 1. The path of each
termite is distinguished by a
different color. A high value
of α and a low value of β

make the termite swarm to
explore a wide area of the
image as shown on the top,
while a low value of α and a
high value of β make the
termite swarm to explore a
smaller area of the image as
shown on the bottom. a
α = 0.1, β = 0.9. b α = 0.9,
β = 0.1
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Fig. 5 Termite Retinex filtering with Ns = 500, α = 0.1, β = 0.9, and Q = 1, with increasing
number of termites k. A few number of termites may lead to chromatic noise while a too large
number of termites may lead to a low contrast enhancement and loss of details. a Original. b k = 1.
c k = 10. d k = 50. e k = 100. f k = 250. g k = 500. h k = 750. i k = 1,000
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Fig. 6 Termite Retinex filtering with k = 500, α = 0.1, β = 0.9, and Q = 1, with increasing
length of the path Ns . A too short path may lead to edge overenhancing while a too long path may
lead in a loss of the local effect. a Original. b Ns = 10. c Ns = 50. d Ns = 100. e Ns = 250. f
Ns = 500. g Ns = 750. h Ns = 1,000
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Fig. 7 Termite Retinex filtering with k = 500, α = 0.1, β = 0.9, and Ns = 500, with increasing
quantity of poison Q. Very low quantities of poison may lead to the presence of halos. a Original.
b Q = 10−4. c Q = 10−3. d Q = 10−2. e Q = 10−1. f Q = 1

same local reference white. The particular case, with α = 0 and β = 0, yields to
complete random paths.

Figure5 shows an example of filtering with α = 0.1 and β = 0.9, constant path
length and quantity of poison, but varying number of termites. As it can be observed
in Fig. 5c, d, too few termites, due to insufficient image sampling, can lead to a high
chromatic noise. On the other side a large number of termites leads to low contrast
enhancement and loss of details. In the proposed example this can be particularly
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seen in the breast of the red parrot, where the details of the feathers are lost in Fig. 5h,
i with respect to Fig. 5e–g.

Figure6 shows the previous example of filtering, but this time, varying the length
of the path Ns and keeping constant all the other parameters. Too short paths lead to
edge overenhancing and the presence of halos as it can be observed in Fig. 6b–d. On
the contrary, too long paths result in a loss of the local effect and in not very bright
images as it can be seen in Fig. 6g, h with respect to Fig. 6e, f. The specific case with
the longest path Ns = n with n = width × height, or in other words making the
termites visiting all pixels, yields to global white normalization. This normalization,
known also as “White Patch” [34], performs a global enhancement of the three color
channel separately dividing each pixel for the maximum value of the channel. It
is important to recall that differently from Von Kries classic White Patch, Retinex
normalization to the channel maxima is local for each pixel.

As the last parameter to discuss, we present in Fig. 7 an example of filtering
varying only the quantity of poison Q. Very low quantities of poison lead to the
presence of halos as it can be observed in Fig. 7b–d with respect to Fig. 7e, f. This
is due by the fact that lowering the quantity of poison, reduces the divergence of the
swarm making the termites foraging the local reference white in a smaller area. This
may lead also the termites to discover the same local maxima as reference white.

Previous studies has shown that α = 0.1 and β = 0.9, k ≈ min(height, width),
Ns ≈ 70% of the length of the diagonal, and Q = 1 are in line with observer
preference [5].

5 Termite Retinex Properties

5.1 Computational Complexity

The computational complexity of TR is given by:

O(k · Ns · n) (8)

where k is the number of termites, Ns is the length of the path, and n is the number of
pixels in the image. TR has the same computational complexity of other SCAs, such
as RSR [21] or STRESS [22] which have a computational complexity of O(NMn),
where N is the number of iterations, M is the number of samples and n is the number
of pixels in the image.

In the last years, Retinex algorithms have been implemented using different pro-
gramming languages and environments (like e.g. Matlab [17, 19] and C++ [21, 22]),
and on different architectures and devices (like e.g. on GPU [35] and in digital cam-
eras [36]). In all these cases, the way the algorithm is implemented effects relevantly
its overall performance.

We give some remarks for an efficient TR implementation:
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• Each color channel is treated independently like in the original model, thus each
channel can be processed in parallel.

• As well, each pixel in each color channel is recomputed independently, thus all
pixels of the image can be processed in parallel.

• Each termite is an autonomousworker, so each termite foraging can be parallelized.
• Each termite allocates its taboo list. The higher the number of termites and the
length of the path, higher the memory consumption.

• The higher the length of the path, the higher becomes the computational time.

5.2 Dynamic Range Stretching

An important property of TR in line with other SCAs is the ability of performing
dynamic range stretching. TR, as many other Retinex implementations and SCAs,
performs dynamic range stretching processing all the pixel-value population but also
taking into account the local spatial relationships of the image content, which control
appearances and thus the final visual sensation of the image [6].

Figure8 presents an example of dynamic range stretching on a grey scale image.
As it can be observed, the original image presents a reduced dynamic range, with

Fig. 8 An example of unsupervised dynamic range stretching on grey scale image. a Original. b
Termite Retinex. c Original histogram. d Termite Retinex histogram
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Fig. 9 An example of Termite Retinex unsupervised dynamic range stretching on color image. a
Original. b Termite Retinex

Fig. 10 An example of Termite Retinex unsupervised enhancement of a medical image. Original
image provided with courtesy by Daniel Hartung [37]. a Original. b Termite Retinex

the most of the pixel-value population in the range of neutral grey and lower. TR
filtering stretches and enhances the used dynamic range, and the resulting pixel-
value population is centered in higher ranges.

Likewise, TR is able to perform dynamic range stretching processing on color
images (Fig. 9) and on medical images (Fig. 10).

5.3 Color Constancy and Color Correction

Color Constancy is a complex issue largely debated in the imaging community [1].
In digital imaging literature, there are two different approaches to color constancy:
Computer Vision CC (in some works referred as Computational CC, but we prefer
to refer it as CV CC since both CCs have computational aspects), in short CV CC
and Human Vision CC, in short HV CC. They have distinct goals in modeling this
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Fig. 11 An example of Termite Retinex unsupervised color correction on Lena portrait. a Original.
b Termite Retinex

phenomenonand thus different kindof outcomes are expected, anddifferentmeasures
of performance are required.

Computer Vision CC has the goal of separating illuminant from reflectance or
alternatively estimating the physical reflectance of objects in different illuminants,
or alternatively estimating the illuminant spectral or colorimetric component. This
is a well-known ill-posed problem [38], thus these algorithms need constraints or
assumptions on the scene content, illumination or geometry. In any case, CV CC
aims to cancel totally the interaction between reflectance and illumination.

In Human Vision CC, the illuminant component is not totally canceled, it gener-
ates appearances that are close to reflectance, but with significant departures. These
departures serve as important signatures of the underlying visual mechanisms [6].
For many years these two variables, reflectance and appearance, have been treated
as an unique correlated feature. This has been proven to be an incorrect assumption
[1, 39]. HV CC aims at computing appearance and algorithms belonging to the
Retinex family, and thus TR, share this approach attempting to mimic the response
of human vision.

Figure11 shows the TR effect of unsupervised color cast reduction on the classic
Lena portrait.

5.4 HDR Tone Rendering

As every SCA algorithm, TR can be used as a tone renderer for High Dynamic
Range (HDR) images [6]. HDR images are formed by values that span over a range
much wider than the range allowed by the visualization devices. For these images a
tone rendering operation is necessary to display all the values preserving as much as
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Fig. 12 Examples of unsupervised tone rendering of HDR images. a Paradise flower. b Chairs. c
Convention center. d Vancouver building. e Duomo. f StFrancis. g Memorial. Source: web

possible their original appearance. Figure12 shows some examples of the application
of TR as a tone renderer for HDR images from the web.

6 Conclusions

In this chapter, we have presented an example of swarm intelligence applied for
color and contrast enhancement of digital images, inspired by the Human Vision
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System. In particular, we have presented a Retinex implementation, called Termite
Retinex, in which the glocality (glocal = global + local) of image exploration is
exploited through a colony of agents. In Termite Retinex, the idea of paths (the basis
of the sampling approach of the original Retinex model) is reconsidered from the
point of view of the Ant Colony Optimization model: the local filtering of Retinex is
investigated through a set of “termites”moving inside the image.By tuning a small set
of parameters, we can control the overall behavior of the swarm and therefore the final
effect of the Retinex filtering.We have presented a detailed explanation of the swarm
intelligence model used in Termite Retinex, and a discussion of its parameters. To
demonstrate the capabilities of Termite Retinex, we have shown different examples
and applications like unsupervised image enhancement, dynamic range stretching,
color correction, and high dynamic range tone rendering.
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