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An analysis of visual adaptation and contrast
perception for a fast tone mapping operator

Sira Ferradans, Edoardo Provenzi, Marcelo Bertalmı́o and Vicent Caselles

Abstract— Tone Mapping is the problem of compressing the
radiance range embedded in a High Dynamic Range image into
a displayable Low Dynamic Range. In this paper we follow the
philosophy of perceptually inspired tone mapping methods:the
final image should produce a sensation as close as possible to
the sensation produced by the real world scene to an observer.
We translate this idea as the proper reproduction of color and
contrast. In line with the current literature, we will devel op
the compression process using the Naka-Rushton equation which
describes the response of retinal photoreceptors to light stimuli.
We will discuss its influence on chromatic reproduction and
provide a version that better reproduces color. Moreover, we will
underline that the Naka-Rushton equation misrepresents overall
contrast and, thence, we will propose a suitable modification. The
main contribution of this paper is the discussion of the modified
Naka-Rushton formula in terms of perceptual contrast and
the analysis of two suitable equations derived from perceptual
contrast measures. The new formulae provide a real-time and
artifact-free tone mapping. Tests and comparisons with other
tone mapping models are provided and commented.

I. I NTRODUCTION AND STATE OF THE ART

High Dynamic Range (HDR) images constitute a powerful
tool to store real-world radiance values and have become
more and more accessible during the last fifteen years. In
photography, the great popularity of these images is motivated
by the possibility to easily create a HDR image by combining
multiple photos of a static scene taken with different time
exposures (see, e.g. [1]). In computer graphics, the use of HDR
images has provided a much realistic synthesis of artificial
scenarios. However, real-world radiance can span many orders
of magnitude, while common displays and printers can only
span up to two. So, a further ‘compression step’, called
‘Tone Mapping’ (TM) is required to properly visualize the
information stored in the HDR images.

In this paper we will follow the TM philosophy proposed by
Ward et al. [2] (p.2): ‘We consider the following two criteria
most important for reliable TM: 1) Visibility is reproduced.
You can see an object in the real scene if and only if you can
see it in the display. Objects are not obscured in the under- or
over-exposed regions, and features are not lost in the middle
2) Viewing the image produces a subjective experience that
corresponds with viewing the real scene’. In our own words,
we consider that the main purpose of TM is to emulate as
much as possible the perception of contrast and color produced
by the real-world scene. Ideally, a perfect model of the Human
Visual System (HVS) would satisfy these tasks, however the
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knowledge about human vision is still too vague to allow
building a precise or complete HVS model. Therefore, works
in this direction usually consider a simplified HVS description.
In line with this idea, in the present paper we will analyze the
role of visual adaptation and relate it to the reproduction of
visibility.

The visual adaptation phase occurs mostly in the retina,
where photoreceptors (cones and rods) strongly compress the
light range. In controlled conditions and for small light ranges,
this compression process can be described by the Naka-
Rushton (NR) equation [3] which has been widely used as
a global TM operator (see subsection I-A). We will underline
that this formula fails to reproduce properly the overall contrast
of the scene, which is one of the most important issues in TM.
Therefore, in this paper we analyze the contrast problem and
propose a new method based on the NR equation that is able to
reproduce overall perceptual contrast. Finally, we will present
some results of our method and show that they compare well
to the state of the art.

A. State of the art in TM techniques

Many tone mapping operators have been proposed in the
literature; for a thorough review and analysis of the state of
the art until 2005, we refer to the excellent book [4]. Here we
just want to give a very brief overview of the different schools
of thought that have been proposed so far.

We can roughly divide the TM literature in two groups:
perceptual-based operators and gradient-based operators. In
the first category, we can distinguish between spatially global
and local TM transformations. The former are, in general, very
fast and do not introduce halos or artifacts, but their contrast
rendition tends to be poor. The first works in this category
used Stevens’ law [5], [6] to achieve range compression [7]–
[9]. A rational function very close to NR’s formula was used
in [10] showing improvements with respect to Stevens’ law.
The global NR formula has been exploited in [11]–[13]. More
sophisticated vision models were also proposed, taking into
account time-adaptation [14] or Weber-Fechner’s law [2], [15].

The spatially-variant operators show more detailed images,
but halos and artifacts usually appear next to edges [16], [17].
Within the perceptually-based spatially-varying TM operators
we also find a modified version of the Retinex model of color
vision [18]. The anchoring theory, best known in the image
processing literature as white-patch or gray-world methods,
has been used in [19] after a suitable subdivision of the original
image into layers of similar luminance.

Given the difficulties of avoiding halos and artifacts when
dealing with spatially-variant methods, we propose to use a
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global approach but with a luminance-varying formula based
on the NR equation modified in order to be consistent with the
laws of contrast perception. Local contrast can be improved
without producing artifacts given that, in natural images,
luminance locality is often related with spatial locality.

On the other hand, gradient-based TM operators rely on the
idea of shrinking large intensity gradients while preserving
small fluctuations, which correspond to fine details. The way
in which this compression is achieved can vary: in [20]
the authors used a hierarchical method based on a Partial
Differential Equation (PDE) inspired by anisotropic diffusion.
[21] and [13] obtained improved results by using techniques
inspired on bilateral filtering. In [22] and [23], spatially
varying compression factors were used to implement suitable
manipulations of the gradient field.

Finally, in [24] and [25] interactive methods for TM were
proposed in order to produce pleasant results for particular
luminance zones selected by a user.

This paper is organize as follows: in section II we will
present the original NR formula. The application of this
formula to HDR images presents two problems that will be
addressed in section III: color rendition and contrast reproduc-
tion. Three NR-based functions are discussed and evaluatedin
section IV, results and comparisons with other TM methods
are presented in section V. Finally, we summarize the paper
in section VI.

II. REPRESENTING VISUAL ADAPTATION: THE NR
FORMULA

Let us begin this section by recalling how the retina re-
sponds to light stimuli. The range of radiances over which
the HVS can operate is very large: from10−6cd/m2 (scotopic
limit) to 106 cd/m2 (glare limit) [26]. The automatic process
that allows the HVS to operate over such a huge range is called
visual adaptation [27]. It is important to stress that the HVS
cannot operate over its entire range simultaneously. Rather, it
adapts to an average intensity and handles a smaller magnitude
interval.

Neuroscience experiments show that visual adaptation oc-
curs mainly in the retina. The experiments to measure this
behavior were performed using very simple, non-natural im-
ages: on a uniform background were superimposed brief pulses
of light with intensity I. When a photoreceptor absorbsI,
the electric potential of its membrane changes accordinglyto
the empirical law known in vision research literature as NR’s
equation [3], [27], [28]:

r(I) =
I

I + Is
, (1)

wherer(I) is the normalized electric response of the photore-
ceptor toI andIs is the light level at which the photoreceptor
response is half maximal, calledsemi-saturation leveland
which is usually associated with the level of adaptation.1

The graph of the functionr(I) is depicted in Fig. 1. Let us

1Even though with this setting this equation is identical to the so-called
Michaelis-Menten’s equation [28] (pag. 301), we will maintain the name NR’s
equation to follow the custom in tone mapping and computer vision literature.

Fig. 1. Graph of the NR functionr(I) vs.I, with Is = 0.1 in linear scale.

notice that, sinceI andIs are intensity levels, they are both
positive and thereforer(I) ∈ [0, 1]. From a mathematical point
of view, the utility of this formula for TM is threefold: firstof
all, it allows to compress every given range of light stimuliinto
[0, 1], it is monotonically increasing, so it preserves the order
of the level lines, and, finally, it has a non-linear behaviorthat
allows us to reproduce details along a wide luminance range
by enhancing the differences in dark areas and reducing them
in brighter zones. Moreover, this formula has been related
to sensation in controlled conditions [27], so it is a natural
candidate to be used for our TM purposes.

The representation of light absorption by photoreceptors as
described by this formula is valid only for a small range of
values of I, since it saturates too quickly the light levels
I significantly far fromIs. This effect is called ‘saturation
catastrophe’ in [27]. To properly describe the response of the
photoreceptors for arbitrary ranges ofI ,the NR function has
to be modified. In [27], the authors show that the easiest way
to properly modify this function while maintaining its analytic
structure and modeling properties is to substitute the constant
Is by a functionfIs

(I):

rf (I) =
I

I + fIs
(I)

. (2)

In order to apply this formula to HDR images, we must
correctly identify which features correspond to the variables
appearing in eq. (2).

III. T HE NR FORMULA IN THE FRAMEWORK OFHDR
IMAGES

Let us here introduce the notation that we will use through-
out the paper. Let~I : I → (0, +∞)3 be the radiance
map representing the input HDR image,I being its spatial
domain⊂ Z

2. We denote withIc the generic value of the
scalar chromatic components of~I, c ∈ {R, G, B}, with
x = (x1, x2) ∈ I the spatial position of an arbitrary pixel
in the image, and withIc(x) the intensity value of the pixel
x in the c channel. To avoid singularities when operating
on ~I with ratios or logarithms, we add a small positive
constant to all values:10−12. Finally, we denote withλ(x) =
1
3 [IR(x) + IG(x) + IB(x)] the luminance of the pixelx ∈ I

and withλ a generic luminance value, i.e.λ ∈ [λmin, λmax] ⊂
(0, +∞), whereλmin and λmax are the extreme luminance
values of the image.

Notice that, since the HDR image represents the radiance
map of a scene, it is natural to let~I play the role ofI.
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Moreover, it makes sense, for anatural scene, to identify
the semi-saturation level as an average value, which we
denote byµ. In the literature there is no agreement about
which expression ofµ must be used: arithmetic averageµa,
geometric averageµg, medianµmed, or combinations of them
[4]. Furthermore, neurophysiological data involving complex
scenes do not give a precise indication about which value
of µ is most suitable. For these reasons, we choose to let
unspecified, for the moment, the formal expression ofµ.

With the notation just introduced, the expression of the
modified NR equation is the following:

rf (~I) =
~I

~I + fµ(~I)
. (3)

As stated in the Introduction, the two criteria that we are
interested in for a good TM operator are color rendition
and visibility preservation. The first one is related to a good
reproduction of hue and saturation, while the second one
is related to a proper luminance mapping. In the following
subsections we will discuss different options to implement
these two properties and select the most suitable analytic form
of the modified NR formula.

A. Color rendition with the Naka-Rushton formula

In the literature we find, at least, three different options on
how to apply the NR formula to a color HDR image.

1) Non-linear luminance proportion:The first one consists
in the application of the popular formula (see e.g. [20], [22]):

rη,f (Ic(x)) ≡

(

Ic(x)

λ(x)

)η

rf (λ(x)), (4)

where c ∈ {R, G, B} and η ∈ [0, 1] is a parameter that
controls the saturation. In order to understand the effect of η,
let us make explicit the saturation of the pixelx in the original
image~I as ~S(~I(x)) ≡

(

IR(x)−λ(x)
λ(x) , IG(x)−λ(x)

λ(x) , IB(x)−λ(x)
λ(x)

)

.
After straightforward computations, it can be verified thatthe
c-th component of the saturation of pixelx in the output image
~rη,f is:

Sc(~rη,f (x)) =
Ic(x)η − 1

3

∑

c∈{R,G,B} Ic(x)η

1
3

∑

c∈{R,G,B} Ic(x)η
. (5)

Note that whenη = 1 the saturation of the output coincides
with that of the original image, which our tests have shown
to be excessive. On the other extreme, ifη = 0 the saturation
is zero, i.e. we have a greyscale image. It is very difficult,
or in some cases impossible, to find an intermediate value of
η between 0 and 1 that gives good saturation in both dark
and bright image zones (for a recent proposal of a different
formula see [29]).

2) Independent color channels:The second method [12]
consists in applying the modified NR formula eq.(3) separately
to the three chromatic channels R,G and B:

rf (Ic(x)) :=
Ic(x)

Ic(x) + fµ(Ic(x))
, (6)

3) Interdependence between color channels and luminance:
Finally, we propose a formula inspired by a similar equation
presented in [12]:

rf (Ic(x)) :=
Ic(x)

Ic(x) + fµ(λ(x))
. (7)

Notice that this equation mixes the chromatic components of
~I with the corresponding luminanceλ.

We have observed that the choice offµ affects the detail
visibility, but not color rendition, therefore let us postpone the
correct identification offµ and consider it here constant, i.e.
fµ ≡ µ, in order to understand the effect of the different
formulas (4), (6) and (7) on the chromatic rendition. The
images shown in Fig. (2) exhibit how eq. (4) produces over-
saturated colors, eq. (6) tends to desaturate the image, and,
finally, eq. (7) produces a satisfactory saturation.

Fig. 2. From left to right, results obtained using eq.(4) with η = 0.8, eq.
(6) and eq.(7). In every equationfµ(λ) ≡ µgeom .

This behaviour was consistent for all the tests that we have
performed. For the rest of the paper we will implement the
NR equation on color images considering eq. (7).

Remark:A common assumption in many color processing
algorithms is that color channels are correlated, in the sense
that they share the same geometry, which also coincides with
the geometry of the luminance image [30]. In other words,
it is reasonable to assume that color channels and luminance
image share the same family of level lines. Now, with this
assumption, if two pixelsx, y are in the same isointensity
line for the channelIc, then they will also be in the same
isointensity line ofr(Ic). This may partially explain the good
geometry preservation properties of the mapping produced by
eq.(7), without halos or artifacts of any kind.

B. Visibility and contrast perception in the modified NR equa-
tion

Now that we have selected the NR formula that best
represents chromatic rendition, let us focus our attentionon
the second condition for a good TM: detail visibility. Since
this feature is related to light intensity changes, we are going
to analyze it by considering a simplified model that takes into
account only the luminanceλ:

rf (λ) =
λ

λ + fµ(λ)
(8)

Later on we will use the results of this section on the full
color image.
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(a) (b)

Fig. 3. Results obtained using the Naka-Rushton function eq.(8) settingfµ

to (a) the geometric average and(b) the arithmetic average of the luminance.
These results are an example of the “saturation catastrophe”: if we use a value
for µ that enables to reasonably tone map dark areas (a), the bright ones are
completely burned out. On the other hand, if we increase the value of µ to
avoid saturation of bright areas (b), we completely lose visibility of the dark
ones. Thus, we cannot expect to improve the overall visibility of the final
image by solely changing the value ofµ.

As previously remarked, detail visibility can be studied by
introducing the functionfµ(λ). If fµ(λ) were a constant, then
we would return to an equation of the same type as eq. (1),
which suffers from the “saturation catastrophe” (see Fig. 3).
Therefore, we need a function that varies withλ. Since we
are interested in a perceptually-sound detail visibility,we are
going to take into account HVS properties to determinefµ(λ).

The most well-known psychophysical experiments on con-
trast perception and visibility where developed by E.H. Weber.
He presented to a subject a set of non-natural images that
consisted in a uniform background with a small superimposed
patch of a different intensity. The subject had to say when
the small patch was distinguishable from the background,
i.e. when he/she was perceiving a Just Noticeable Difference
(JND). These experiments were the first ones to describe the
perception of contrast and the minimum condition for visibility
and led to psychophysical laws that we are now going to
use in order to determine the functionfµ(λ). We do this by
imposingr(λ) = s(λ), wheres(λ) is a function that models
contrast sensation. The functionfµ(λ) obtained by solving this
equation, will be incorporated into eq. (7).

1) Modification based on Weber-Fechner’s law:Let us now
introduce Weber’s law. Given an intensity difference∆λ,
the contrast sensation∆s that it induces depends on the
background intensityλ as follows [31] (pag. 490):

∆λ

m + λ
= k∆s, (9)

where k > 0 is a constant andm > 0 is a quantity often
interpreted as internal noise in the visual mechanism [32] (pag.
859). Following Fechner’s work, we consider infinitesimal
changes in eq. (9), integrate the corresponding equation and
derive the following functional expression:

sWF(λ) ≡ C + k log(m + λ), (10)

whereC ∈ R is an integration constant. We will refer to this
expression as the Weber-Fechner’s (WF) law.

This function sWF is monotonically increasing, but not
bounded in[0, 1]. So, if we want to use it to findfµ(λ) through
the equationrf (λ) = sWF(λ), we must properly normalize
sWF.

Let us impose these constraints:sWF(µ) = 1/2,
sWF(λmin) = 0 and sWF(λmax) = 1. The first constraint is
imposed following the so-called “grey world” hypothesis [33]
by setting the normalized sensation response relative toµ in
the middleof the unit interval. With straightforward algebraic
computations it can be proven that the expressions ofk and
m that satisfy these constraints are:

k ≡
1

log
(

m+λmax

m+λmin

) and m ≡
µ2 − λmaxλmin

λmax + λmin − 2µ
. (11)

Now, if we imposerf (λ) = sWF(λ) for all λ, we get the
following functional expression forf :

fWF(λ) ≡
λ

1
2 + k log

(

m+λ
m+µ

) − λ. (12)

with k, m set as in Eq. (11).
Remark:The WF law and the NR equation were related

before in [4] (pag. 205), where the authors conclude that the
NR equation satisfies the WF law in certain conditions.

Furthermore, Ward et al. propose [2] performing tone map-
ping with a constrained Histogram Equalization (HE). More
precisely, they introduce an upper bound on the derivative of
the tone map, so that the output contrast is neverhigher than
the WF contrast. The main reason to introduce this constraint
was not to make visible in the final image objects that were
not visible in the original scene.

Our approach is rather different: we are not using Weber-
Fechner’s law as an upper bound, but as an exact contrast
measure. This is consistent with the visibility principle stated
by Ward since we are mapping intensity differences above the
JND into visible distances in the final tone mapped image.

2) Modification based on Stevens’ law:In 1960’s, Stevens
developed psychophysical experiments( [6]) from a compara-
tive perspective, concluding that the HVS perceives physical
stimulus following a power-law behavior:

sS(λ) ≡ C + kλγ , (13)

whereC, k ∈ R are constants andγ ∈ R is the exponent that
controls the concavity of the functionsS(λ). Stevens found
out that the perception of each human sense corresponds to a
precise value ofγ. In vision, this value varies betweenγ =
0.33 andγ = 0.5, depending on the illuminant conditions.

As we did for functionsWF, we impose to the monoton-
ically increasing functionsS these constraints:sS(µ) = 1/2,
sS(λmin) = 0 andsS(λmax) = 1. The value ofC that satisfies
the first constraint isC = 1/2 − kµγ . With straightforward
algebraic computations it can be proven that the parameters
which satisfy the last two constraints are, respectively,k0 =
1/[2(µγ −λγ

min)] andk1 = 1/[2(λγ
max −µγ)]. The only value

of µ for which k0 ≡ k1 is µ ≡ [(λγ
max + λγ

min)/2]1/γ .
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Now, by setting rf (λ) = sS(λ) for all λ, we get the
following functional expression forf :

fS(λ) ≡
λ

1
2 + k(λγ − µγ)

− λ, (14)

with µ as above andk as any of the equivalent expressions
k0, k1.

3) Modification based on histogram equalization:In order
to show the importance of using a perceptual contrast measure,
we will also introduce a purely mathematical contrast measure
related to HE, showing that the corresponding results are, in
general, not satisfactory.

In image processing theory, a well known contrast measure
is the entropy. The transformation that maximizes this contrast
function is HE, which amounts to settingλ = H(λ) for all λ,
whereH is thenormalized cumulative histogramof the image.
We notice thatH is a monotonically increasing function
bounded in[0, 1], so it makes sense to setrf (λ) = H(λ),
for all λ. This implies the following expression forf :

fHE(λ) ≡
λ

H(λ)
− λ. (15)

Note that the contrast rendition produced by this function
depends, by definition of HE, on the histogram of the original
image, thus the final contrast will not be related, in general,
to human perception.

Now that we have presented the three functionsfWF, fS

andfHE, let us see their effect on contrast rendition.

IV. T HE MODIFIED NR EQUATIONS ON COLORHDR
IMAGES

Until now we have separately discussed color and contrast
rendition, obtaining eq.(7) from the color discussion and the
functions fWF, fS and fHE from the contrast analysis. In
this section, we will fuse this information to obtain three TM
operators on color images. Finally, we will set the missing
parameters, present results obtained by each TM operator and
analyze the results.

Let us start by reminding the reader that applying the
NR formula as in eq.(7) wherefµ can befWF, fS or fHE

does not correspond (respectively) to a logarithm, a gamma
transformation or a HE: this would only happen in the case
that Ic(x) = λ(x) ∀x ∈ I. In fact, if we introduce in eq.(7)
the explicit representation offWF we have:

rfWF
(Ic(x)) =

Ic(x)rfWF
(λ(x))

Ic(x)rfWF
(λ(x)) + λ(x)

[

1
2 − k log

(

m+λ
m+µ

)] ,

(16)
and similarly forfS, fHE.

We can provide a colorimetric interpretation of the previous
formula by considering thec-th component of the chrominance
of a pixel x, defined asCrc(x) ≡ Ic(x) − λ(x). After
straightforward computations, we can rewriter(Ic(x)), for
c = {R, G, B}, as:

rf (Ic(x)) = rf (λ(x))
Ic(x)

rf (λ(x))Crc(x) + λ(x)
. (17)

Note how this formula differs fromsWF, sWF and H since
it is a nonlinear combination of chrominance, luminance and

pixel channel intensity. However, a complete understanding of
the formula is still lacking, so we leave it as a matter of further
research.

A. Parameter setting

Before showing some results, let us first empirically define
some variables that were left undetermined forfWF and
fS. The parameters of these functions depend onλmax and
λmin, which can be outliers and alter the final result. Taking
into account this fact, we propose a fast method to redefine
λmin andλmax. We compute the histogram of the luminance
image in the Log scale and define a window ofV orders of
magnitude. We slide the window over the Log-histogram and
for each position we compute the number of pixels that fall
into the window. Finally, we select the position where the
number of pixels inside the window is maximum. The values
λmin andλmax are taken as the end points of this window. All
values aboveλmax are set toλmax and all values underλmin

are set toλmin. A value forV that gives overall good results
is V = 5, all the results that we will present in this paper will
use this setting forV .

Now, regardingfWF, a parameter that has to be empirically
defined is µ. As we already said, there is no complete
agreement in the definition of a proper value of the average
light level. Therefore, we propose an empirical value given
by a convex linear combination in the logarithmic domain
between the arithmetic (µa) and geometric (µg) averages:
µ(ρ) = µρ

aµ1−ρ
g , where ρ ∈ [0, 1]. The best results were

achieved using values ofρ that vary between 0.5 and 1. The
effect of varyingρ is a modification in the overall brightness
of the final image: the bigger the value ofρ the darker the
image. Since the choice ofρ is a matter of preference of the
user (who in some cases may want a darker or a lighter result)
it is left as the only parameter offWF.

Finally, the function fS has a free parameter:γ. The
influence ofγ can be perceived mainly on the overall contrast
of the final image. Since contrast is proportional to intensity
changes, the derivative is a natural contrast descriptor. Now,
r′fS

directly depends onγ, so changingγ will produce contrast
variations. Hence, the main drawback of this method is that
the selection ofγ is not obvious. Our tests show that the best
results were obtained, in general, settingγ in the range 0.01
to 0.5.

B. Evaluation of the modified NR equations

Now that we have defined all the parameters appearing
in fWF and fS, let us evaluate the effects of the corre-
sponding TM operators on a representative image. In Fig. 4,
we can check a set of images produced withfWF, fS and
fHE. Note that the image corresponding tofHE has a non-
realistic contrast, while the other two appear closer to human
perception. This happens very commonly with the contrast
function fHE. Even though HE is a widely used technique
to improve contrast in LDR images, it has been reported to
produce unnatural results for images with well defined modes
in its histogram. This problem is even bigger in HDR images
due to their large range of intensities. The main reason is that
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(a) (b) (c)

Fig. 4. Results of the ‘Cars’ image obtained with(a) fWF (ρ ≡ 1) (b) fS (γ = 0.1) (c) fHE.

the contrast rendition produced by HE is not defined on a
perceptual basis, but depends on the actual histogram shape
of the image. Since we are interested in producing images with
a realistic contrast, we will focus in the remaining part of this
paper on the functionsfWF andfS.

The computation just described is point-wise, i.e. it does not
depend on the surround of each pixel. Thus, the corresponding
algorithm has minimal computational cost and can be run in
real time.

V. RESULTS AND COMPARISON WITH THE STATE OF THE

ART

Although a thorough comparison is out of the scope of this
paper, we would like to give an indication of the quality of
our results by presenting a comparison with the output of two
other tone mapping methods which belong to the state of the
art: [16] and [23]. The results presented here were producedby
the code provided by the authors in the first case, and by the
software pfstmo (http://www.mpi-inf.mpg.de/resources/tmo/)
in the case of [23].

Recently, some authors proposed metrics to evaluate tone
mapping results: [29], [34]–[37]. The problem in defining such
a metric is that it is very complicated to compare the real
scene sensation with the tone mapped HDR image. In fact,
the image size and the ambient conditions are, in general, very
different. Up to this date, none of these measures have become
universally accepted or standard, so we will just provide visual
comparisons, as it is usually done in the TM literature.

In the authors’ opinion, the proposed method compares
well and, in some cases, outperforms the state of the art
methods in terms of color reproduction and overall contrast
visibility. It does not produce spurious colors nor over-
saturation as can be checked in the sky of Fig. 5 and in
the glass window area of Fig. 6 and in Fig. 7. Regarding
contrast, the presented method does not over-enhance or
diminish contrast as can be seen in Fig. 5 (see the area under
the table and on the shutter) and in Fig. 6. For more results see
www.gpi.upf.edu/static/sira/SiraFerradans/ToneMapping.html

A. An optional contrast enhancement and chromatic adapta-
tion post-processing step

If we interpret a HDR image as a measure of the scene radi-
ance, the main aim of tone mapping should be to create a LDR
image that reproduces the perception of brightness produced
to an observer by such a scene. The range compression step

is important but the perception of brightness also involves,
at least, these other two features: an enhancement of local
contrast and a chromatic adaptation. The first feature is related
to the HVS ability to magnify details. Human color constancy
or chromatic adaptation is the ability topartially discard the
illumination color of a scene, an essential feature of the HVS
which makes it very robust in object detection in color images,
even under strong light changes [38].

We propose to add a further step that introduces these
two phenomenological features. A good example of such a
procedure is the variational algorithm presented in [39], a
post-processing method able to perform a perceptually inspired
color correction and local contrast enhancement.

For images that do not present fine details or strong color
cast, this variational contrast enhancement step is not neces-
sary. We remark this fact with the detail presented in Fig.
8(a) and Fig. 8(b) where we can see that the action of the
variational algorithm is almost inappreciable.

However, images with strong color cast or highly textured
regions can be greatly improved by the action of this algo-
rithm. A good example of color cast removal can be seen in
Fig. 8(c) and Fig. 8(d). The output of the tone mapping stage
Fig. 8(c) preserves the original color cast, while the final result
Fig. 8(d) is free from color cast and has sharper details. The
effect of color cast removal is particularly visible on the white
napkin, while local detail enhancement is shown in the image
‘Trees’ (Fig. 8) (f), specially visible around the bushes.

VI. CONCLUSIONS AND PERSPECTIVES

We have presented a tone mapping operator for HDR images
inspired by a basic stage of the human vision: visual adapta-
tion. We have implemented this feature through a modified
NR’s equation, proposing two new analytical expressions that
allow to compress the range of the HDR image into[0, 1]
in accordance to perceptual contrast. Because this step does
not significantly alter the ordering of the level lines, it is
free from the typical halos and artifacts produced by spatially
local methods. Moreover, this algorithm is real-time and has
only one user-dependent parameter. We have also considered
including in the tone mapping method a post-processing step
that implements local contrast enhancement and color cast
removal, obtaining more realistic results.

We leave as future work the use of images with calibrated
data. Since very few HDR images are calibrated, there is
no exact match between the parameters of this method and
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(a) (b) (c) (d)

Fig. 5. Results of the ‘Office’ image produced by the methods based on the papers of(a) Reinhard et al.(b) Mantiuk et al.(c) the proposed method using
rfWF

with parameter set toρ = 0.7 (c) the proposed method usingrfS
with parameter set toγ = 0.01

( a ) ( b ) ( c ) ( d )

Fig. 6. Results of the ‘Memorial’ image produced by the methods based on the papers of(a) Reinhard et al.(b) Mantiuk et al.(c) the proposed method
usingrfWF

with parameter set toρ = 1 (d the proposed method usingrfS
with parameter set toγ = 0.03.

( a ) ( b ) ( c ) ( d )

Fig. 7. Results of the ‘Desk’ image produced by the methods based on the papers of(a) Reinhard et al.(b) Mantiuk et al.(c) the proposed method using
rfWF

with parameter set toρ = 0.5, (d) the proposed method usingrfS
with parameter set toγ = 0.2.

the results obtained by neuroscience experiments. It wouldbe
interesting to explore a possible refinement of the new NR
equation presented in this paper when the values of the HDR
images correspond to real-world cd/m2. Further research is
also needed in order to deeply understand the behavior of the
modified NR formula by a colorimetric point of view.

ACKNOWLEDGMENTS

M. Bertalmı́o and V. Caselles acknowledge partial support
by PNPGC project, reference MTM2006-14836. V. Caselles

also acknowledges “ICREA Acadèmia” prize by the Gener-
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