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Abstract. Image formation is the process of computing or refining an
image from both raw sensor data and prior information. A basic task
of image formation is the extraction of the information contained in the
sensor data. The information theory provides a mathematical framework
to develop measures and algorithms in that process. Based on an infor-
mation channel between the luminosity and composition of an image,
we present three measures to quantify the saliency, specific information,
and entanglement of this image associated with its luminance values and
regions. The evaluation of these measures could be potentially used as a
criterion to achieve more aesthetic or enhanced images.

1 Introduction

The human visual system is able to reduce the amount of incoming visual data
to a small but relevant amount of information for higher-level cognitive process-
ing. Different computational models, most of them based on information theory,
have been proposed to interpret the selective visual attention [8, 13, 2, 6, 7]. The
biologically-inspired model of bottom-up attention of Itti et al. [8] permits us to
understand our ability to interpret complex scenes in real time. The selection of
a subset of available sensory information before further processing appears to be
implemented in the form of a spatially circumscribed region of the visual field,
called focus of attention, while some information outside the focus of attention
is suppressed. This selection process is controlled by a saliency map which is a
topographic representation of the instantaneous saliency of the visual scene and
shows what humans find interesting in visual scenes.

On the other hand, image formation is the process of computing or refining
an image from both raw sensor data and prior information about that image [9].
The main task of image formation is to extract the information contained in the
raw sensor data to estimate the image. Information theory plays a basic role in
this process: providing a theoretic framework, defining measures of optimality,
developing algorithms, quantifying statistical quality, etc. It can be considered
that image formation corresponds to our common concept of photography.

Instead of analyzing image information from a biologic perspective [8, 13, 2, 6,
7], in this paper we propose a mathematical approach based on an information
channel between the luminosity and composition of that image — two basic
features in photography. From this channel, saliency, specific information, and
entanglement can be computed using different information-theoretic measures
defined in the field of neural systems [5, 3, 1].
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This paper is organized as follows. In Section 2, we review some basic information-
theoretic measures. In Section 3, we present the information channel and the
splitting algorithm used to analyze the information of an image. In Section 4,
we describe three different measures of information associated to the luminance
values and regions of an image. In Section 5, we show and discuss the obtained
results. Finally, we present the conclusions.

2 Information-Theoretic Concepts

Information theory [4] deals with the transmission, storage and processing of
information, and is used in fields such as physics, computer science, statistics,
biology, image processing, learning, etc.

Let X be a finite set, let X be a random variable taking values x in X with
distribution p(x) = Pr[X = x]. Likewise, let Y be a random variable taking val-
ues y in Y. An information channel X → Y between two random variables (input
X and output Y ) is characterized by a probability transition matrix (composed
of conditional probabilities) which determines the output distribution given the
input.

The Shannon entropy H(X) of a random variable X is defined by

H(X) = −
∑
x∈X

p(x) log p(x). (1)

It measures the average uncertainty of a random variable X. All logarithms are
base 2 and entropy is expressed in bits. The convention that 0 log 0 = 0 is used.
The conditional entropy is defined by

H(Y |X) = −
∑
x∈X

p(x)
∑
y∈Y

p(y|x) log p(y|x) =
∑
x∈X

p(x)H(Y |x), (2)

where p(y|x) = Pr[Y = y|X = x] is the conditional probability and H(Y |x) =
−

∑
y∈Y p(y|x) log p(y|x) is the entropy of Y given x. The conditional entropy

H(Y |X) measures the average uncertainty associated with Y if we know the
outcome of X. H(X) ≥ H(X|Y ) ≥ 0 and, in general, H(Y |X) 6= H(X|Y ).

The mutual information (MI) between X and Y is defined by

I(X;Y ) = H(X)−H(X|Y ) =
∑
x∈X

p(x)
∑
y∈Y

p(y|x) log
p(y|x)
p(y)

. (3)

It is a measure of the shared information between X and Y . It can be seen that
I(X;Y ) = I(Y ;X) ≥ 0.

The relative entropy or Kullback-Leibler distance between two probability
distributions p = {p(x)} and q = {q(x)} defined over X is given by

KL(p|q) =
∑
x∈X

p(x) log
p(x)
q(x)

, (4)
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where, from continuity, we use the convention that 0 log 0 = 0, p(x) log p(x)
0 =∞

if p(x) > 0, and 0 log 0
0 = 0. The relative entropy KL(p|q) is a divergence

measure between the true probability distribution p and the target probability
distribution q. It can be proved that KL(p|q) ≥ 0.

3 Compositional Information Channel

Two of the most basic elements of a photograph are composition and luminosity.
In order to analyze their correlation, we use an information channel between the
luminance histogram and the regions of the image. This channel permits us
to investigate, from an information theory perspective, the shared information
between them and, more particularly, the saliency, the specific information, and
the entanglement associated to each luminance value and region (see Sec. 4).

In this section, we review the information channel between the color (in our
case, luminance) histogram and the regions of an image, introduced by Rigau
et al. [10], and then we describe the partitioning algorithm which progressively
splits the image by extracting the maximum information at each step. The infor-
mation channel C → R is defined between the random variables C (input) and R
(output), which represent respectively the set of bins (C) of the color histogram
and the set of regions (R) of the image. Given an image I of N pixels, where
Nc is the frequency of bin c (N =

∑
c∈C Nc) and Nr is the number of pixels of

region r (N =
∑

r∈RNr), the three basic elements of this channel are:

– The conditional probability matrix p(R|C), which represents the transition
probabilities from each bin of the histogram to the different regions of the
image, is defined by p(r|c) = Nc,r

Nc
, where Nc,r is the frequency of bin c into

the region r. Conditional probabilities fulfill ∀c ∈ C.
∑

r∈R p(r|c) = 1.
– The input distribution p(C), which represents the probability of selecting

each intensity bin c, is defined by p(c) = Nc

N .
– The output distribution p(R), which represents the normalized area of each

region r, is given by p(r) = Nr

N =
∑

c∈C p(c)p(r|c).

According to (3), the MI between C and R is given by

I(C;R) =
∑
c∈C

p(c)
∑
r∈R

p(r|c) log
p(r|c)
p(r)

(5)

and represents the shared information or correlation between C and R.
We now describe a greedy mutual-information-based algorithm [10] which

splits the image in quasi-homogeneous regions. This procedure takes the full
image as the unique initial partition and progressively subdivides it in a bi-
nary space partition according to the maximum MI gain for each partitioning
step. The algorithm generates a partitioning tree for a given ratio of MI gain
I(C;R)/H(C), or a predefined number of regions.

This partitioning process can also be visualized from

H(C) = I(C;R) +H(C|R), (6)
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where R is the random variable which represents the set of regions of the image
that varies after each new partition. The acquisition of information increases
I(C;R) and decreases H(C|R), producing a reduction of uncertainty due to the
equalization of the regions. The maximum MI that can be achieved is H(C). The
more complex the image the further down the regions we have to go to achieve a
given level of information. The rate of the information extraction will depend on
the degree of order in the image. Fig. 1.b.i and Fig. 2.b.i show decompositions
obtained using a MI ratio of 1/3. Observe that the number of regions is much
bigger in the second image because this contains more detailed and contrasted
areas.

4 Image Information Measures

In this section, we study how information is distributed in the image by comput-
ing three different information measures associated with each luminance value
and region. As we have seen in Sec. 3, the MI between C and R expresses the de-
gree of correlation or the information transfer between the set of luminance bins
and the regions of the image. This interpretation can be extended to consider
the information associated to a single luminance value, that is, the information
gained on R by the observation of a intensity value c, and vice versa. To ob-
tain this information, MI can be decomposed in different alternative ways [5, 3,
1]. Although many definitions of information are plausible, we present here the
three most “natural” decompositions of I(C;R).

4.1 Saliency

From (3), the MI between color and regions can be expressed as

I(C;R) =
∑
c∈C

p(c)
∑
r∈R

p(r|c) log
p(r|c)
p(r)

=
∑
c∈C

p(c)I1(c;R), (7)

where we define

I1(c;R) =
∑
r∈R

p(r|c) log
p(r|c)
p(r)

(8)

as the surprise associated with the color c and can be interpreted as a measure
of its saliency. Itti and Baldi [7] provide experimental evidence that Bayesian
surprise best characterizes what attracts human gaze. According to Bruce and
Tsotsos [2], certain visual events such as a bright flash of light will almost result
in an observer’s gaze being redirected.

High values of I1(c;R) express a high surprise and identify the most salient
colors. It is important to observe that (8) is as a Kullback-Leibler distance,
I1(c,R) = KL(p(R|c)|p(R)), where p(R|c) is the conditional probability distri-
bution between c and the image regions, and p(R) corresponds to the distribution
of region areas. It can be shown that I1 is the only positive decomposition of
MI [5].
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Similarly, the surprise associated with a region can be defined from the re-
versed channel R→ C, so that R is the input and C the output. From the Bayes’
theorem, p(c, r) = p(c)p(r|c) = p(r)p(c|r), the MI (7) can be rewritten as

I(R;C) =
∑
r∈R

p(r)
∑
c∈C

p(c|r) log
p(c|r)
p(c)

=
∑
r∈R

p(r)I(r;C), (9)

where we define

I1(r;C) =
∑
c∈C

p(c|r) log
p(c|r)
p(c)

(10)

as the surprise associated with region r and can be interpreted as its saliency.
Analogous to I1(c;R), high values of I1(r;C) correspond to the most salient
regions.Measures I1 have been previously used to quantify the color and re-
gion information in Van Gogh’s paintings [11]. The measure I1(r;C) has been
also used to evaluate the saliency of a painting, comparing well with Itti-Koch
model [12].

4.2 Specific Information

The definition of specific information I2 was proposed by DeWeese and Meis-
ter [5]. From (5), mutual information can be expressed as

I(C;R) = H(R)−H(R|C) =
∑
c∈C

p(c)[H(R)−H(R|c)] =
∑
c∈C

p(c)I2(c;R), (11)

where

I2(c;R) = H(R)−H(R|c) = −
∑
r∈R

p(r) log p(r) +
∑
r∈R

p(r|c) log p(r|c) (12)

is the specific information of c and expresses the change in uncertainty about R
when c is observed. A large value of I2(c;R) means that we can easily predict a
region given the color c.

Following a similar process for the reversed channel R → C, the specific
information associated with region r is given by

I2(r;C) = H(C)−H(C|r) = −
∑
c∈C

p(c) log p(c) +
∑
c∈C

p(c|r) log p(c|r) (13)

and expresses the predictability of a color known the region. Note that I2(c;R)
and I2(r;C) can take negative values [5].

4.3 Entanglement

Butts [3] proposed another decomposition of MI based on the stimulus specific
information I3. In our framework, this measure, which we call entanglement, is
defined by

I3(c;R) =
∑
r∈R

p(r|c)I2(r;C). (14)
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(a.i) (a.ii) (a.iii) (a.iv)

(b.i) (b.ii) (b.iii) (b.iv)

Fig. 1. (a.i) Banyoles Lake, Spain [f/16, 1/80, ISO200]. (b.i) Image decomposition
(328 regions, H(C) = 7.890, I = 2.623) of (a.i). (a.ii-iv) I1, I2, and I3 maps from the
channel R→ C. (b.ii-iv) I1, I2, and I3 maps from the channel C → R.

A large value of I3(c;R) means that the specific information I2(r;C) of the
regions that contain the color c are very informative.

Following a similar process for the reversed channel R→ C, the entanglement
associated with each region is given by

I3(r;C) =
∑
c∈C

p(c|r)I2(c;R). (15)

Similarly to I3(c;R), a large value of I3(r;C) means that the specific information
I2(c;R) of the colors contained in a region r are very informative.

These measures emphasize a univocal relationship between color and regions,
and can be interpreted as the correlation between specific regions and colors.
For instance, a particular color can have a high value because is identified by a
characteristic region. In the same way, a region with a single color that doesn’t
appear in other regions will show a high I3 value. An example could be the
background of an image.

In conclusion, I1, I2, and I3 represent three different ways of quantifying the
information associated to a luminance value c and to a region r. While I1 is
always positive and non-additive, I2 can take negative values but is additive,
and I3 can take negative values and is non additive [5, 3, 1].

5 Results and Discussion

In this section we analyze the behavior of the I1, I2, and I3 measures, with the
following considerations for each image:

– The color RGB is filtered by the luminance function Y709 = 0.2126R +
0.7152G+ 0.0722B.

– The luminance histogram has 256 bins.
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– The information channel is based on a MI ratio of 1
3 .

– The color and region information maps are shown using a thermic-scale
(i.e., the lowest intensity corresponds to the blue and the highest

to the red).
– The outliers are defined outside µ± 3σ (i.e., three-sigma rule: for a normal

distribution, nearly all values, 99.7%, lie within 3 standard deviations of the
mean).

We can observe the behaviour of our measures in Fig. 1. The channel R→ C
is shown in the first row with (a.ii) saliency I1, (a.iii) specific information I2, and
(a.iv) entanglement I3. In the second row we have the channel C → R with the
same measures. In the region saliency map (a.ii), regions with a higher measure
value are the ones with an average color far away from the average color in the
image. These are regions with a low color probability, and hence a high saliency.
More salient parts in the color saliency map (b.ii) are, by order, the clouds,
sky, illuminated water, and foreground tree trunk. The border is clearly defined
between illuminated and non-illuminated water. The region specific information
map (a.iii) represents the predictability of a color given a region. Thus, sky
colors are the most predictive ones, followed by illuminated water colors. The
color specific information map (b.iii) gives us a detailed account of the image
showing a more balanced range of values than the corresponding saliency map.
Finally, observe that the behaviour of the entanglement is similar for regions and
color (a-b.iv) showing a high correlation in the sky and the illuminated water
with their corresponding colors, and a medium correlation in the tree trunk
(most difference is caused by mapping the range to termic scale). In Fig. 2, we
show another set of maps illustrating the behavior of the measures in a portrait.

We use Fig. 3 to comment the relationship of depth of field (DOF) with
the information channel. In general, with high values of DOF, we need a higher
number of regions to extract the same level of information because the image
becomes more clear and sharper, i.e., it contains more information. On the con-
trary, with low values of DOF, the image is more blurred, and in general the
number of region decreases due to the fact that there is less information to ex-
tract. This results in more defined and contrasted information maps for a higher
DOF.

The interaction of exposure with our three measures is illustrated in Fig. 4.
By overexposing a dark zone, we can uncover hidden information and the number
of regions of the MI decomposition would increase. Otherwise, underexposing a
burned zone, new information might appear and the number of regions would
also increase. In an ideal case of exposure, under or overexposure might hide
details and the number of regions would decrease. In all the cases, our measures
reflect the changes in the exposure. We show in (a-c.ii) the color saliency maps
for C → R where the salient areas for different exposures can be compared.
The color specific information (a-c.iii) and entanglement maps (a-c.iv) are also
depicted. Note for example how a lot of details appear in the left-bottom (people)
and right-top (window) of the image when we overexpose the image (c.ii-iii),
while the details of these areas disappear when we underexpose them (b.ii-iv). In
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(a.i) (a.ii) (a.iii) (a.iv)

(b.i) (b.ii) (b.iii) (b.iv)

Fig. 2. (a.i) Cadaqués’ man [f/8, 1/15, ISO400]. (b.i) Image decomposition (854 re-
gions, H(C) = 7.839, I = 2.613) of (a.i). (a.ii-iv) I1, I2, and I3 maps from the channel
R→ C. (b.ii-iv) I1, I2, and I3 maps from the channel C → R.

the entanglement map, high correlations are shown in the case of overexposure
(c.iv).

6 Conclusions

We have presented here three information-theoretic measures for saliency, spe-
cific information, and entanglement of luminance values and regions in an image.
These measures extend previous work done on the study of artistic style in paint-
ings, and are based on the information channel between colors and regions in
the image, quantifying the correlation between color and compositional charac-
teristics of the image. We have also shown how the information channel reflects
changes in DOF and exposure. At this stage, we have only evaluated qualita-
tive visual 2D results in order to show the behavior of these new measures and
specially the informativeness associated to each color of the image. We believe
that our measures represent an improvement in the understanding of the infor-
mation contained in an image, and can have potential applications in several
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(a.i) (a.ii) (a.iii) (a.iv)

(b.i) (b.ii) (b.iii) (b.iv)

(c.i) (c.ii) (c.iii) (c.iv)

Fig. 3. Chess. (a.i) Image decomposition (489 regions, H(C) = 7.674, I = 2.558) [f/2.8,
1/160, ISO400]. (b.i) Image decomposition (657 regions, H(C) = 7.638, I = 2.546) [f/8,
1/20]. (c.i) Image decomposition (830 regions, H(C) = 7.683, I = 2.560) [f/16, 1/5].
(a-c.ii-iv) I1, I2, and I3 maps from the channel C → R in (a-c.i), respectively.

(a.i) (a.ii) (a.iii) (a.iv)

(b.i) (b.ii) (b.iii) (b.iv)

(c.i) (c.ii) (c.iii) (c.iv)

Fig. 4. Queuing in Dali’s Museum, Figueres, Spain. (a.i) Image decomposition (1,543
regions, H(C) = 7.594, I = 2.531) [f/8, 1/400, ISO200]. (b.i) Image decomposition
(1,262 regions, H(C) = 7.060, I = 2.353) [underexposure 1/800]. (c.i) Image decom-
position (1,880 regions, H(C) = 7.752, I = 2.584) [overexposure 1/200]. (a-c.ii-iv) I1,
I2, and I3 maps from the channel C → R in (a-c.i), respectively.
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areas, as artistic style classification and image enhancement. Future work will
be addressed to statistically analyze the results for a wide range of images and
different levels of image decomposition. Further work will be done to identify
which approach (I1, I2, or I3) is the most appropriate in any particular case or
how the different results might be combined.
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