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Abstract
With a surge of interest in high dynamic range imaging, techniques
for displaying such images on conventional display devices are
gaining in importance. Although the last review of dynamic range
reduction algorithms appeared about a year ago, the advances in
this field are rapid. In this paper, the current state-of-the-art in dynamic range reduction is reviewed, with an emphasis on sigmoidal
compression.
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Introduction

Real-world environments typically contain a range of illumination
much larger than can be represented by conventional 8-bit images.
For instance, sunlight at noon may be as much as 100 million times
brighter than starlight [8, 21]. The human visual system is able to
detect 4 or 5 log units of illumination simultaneously, and can adapt
to a range of around 10 orders of magnitude over time [8].
On the other hand, conventional 8-bit images with values between 0 and 255, have a useful dynamic range of around 2 orders
of magnitude. Such images are represented typically by one byte
per pixel for each of the red, green and blue channels. The limited dynamic range afforded by 8-bit images is well-matched to the
display capabilities of CRTs. Their range, while being larger than
2 orders of magnitude, lies partially in the dark end of the range
where the human vision has trouble discerning very small differences under normal viewing circumstances. Hence, CRTs have a
useful dynamic range of 2 log units of magnitude.
The contrast of LCD devices is normally not much greater, although they can be made much brighter. As a result, both the black
level and the white level are much higher, yielding once more a
dynamic range of around 2 log units. Currently, very few display
devices have a dynamic range that significantly exceeds this range,
the notable exception being LCD displays with an LED back-panel
where each of the LEDs is separately addressable [20].
Capturing the full dynamic range of a scene implies that in many
instances the resulting high dynamic range (HDR) image cannot be
directly displayed, as its range is likely to exceed the 2 orders of
magnitude range afforded by conventional display devices.
There are two strategies to display high dynamic range images.
First, we may develop display devices which can directly accommodate high dynamic range imagery [20]. Second, high dynamic
range images may be prepared for display on low dynamic range
display devices by applying a tone reproduction operator [18]. The
purpose of tone reproduction is therefore to reduce the dynamic
range of an image such that it may be displayed on a conventional
display device, which includes printers. The key issue in tone reproduction is to compress an image while at the same time preserving
one or more attributes of the image, such as contrast, visible detail,
brightness, or appearance.
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Spatial operators

In the following sections we discuss tone reproduction operators
which apply compression directly on pixels. Often global and local operators are distinguished. Tone reproduction operators in the
former class change each pixel’s luminance values according to a
compressive function which is the same for each pixel [19, 22, 24].
The term global stems from the fact that many such functions need

Fig 1. A local tone reproduction operator (left) and a global tone
reproduction operator (right) [17]. The local operator shows more
detail, as for instance seen in the insets.
to be anchored to some values that are computed by analyzing the
full image. In practice most operators use the geometric average L̄v
to steer the compression:
!
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The small constant δ is introduced to prevent the average to become zero in the presence of black pixels. The geometric average
is normally mapped to a predefined display value. The main challenge faced in the design of a global operator lies in the choice of
compressive function.
On the other hand, local operators compress each pixel according
to a specific compression function which is modulated by information derived from a selection of neighboring pixels, rather than the
full image [1, 2, 6, 7, 15, 17]. The rationale is that the brightness of
a pixel in a light neighborhood is different than the brightness of
a pixel in a dark neighborhood. Design challenges for local operators involve choosing the compressive function, the size of the local
neighborhood for each pixel, and the manner in which local pixel
values are used. In general, local operators are able to achieve better compression than global operators (Figure 1), albeit at a higher
computational cost.
Most operators employ one of two distinct compressive functions. Display values Ld (x, y) are most commonly derived from
image luminances Lv (x, y) by the following two functional forms:
Lv (x, y)
f (x, y)
Ln
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these functions are very similar over a range centered around 1.
In Equation 2b, the function g(x, y) may be computed as a global
constant, or as a spatially varying function. Following common
practice in electro-physiology, we call g(x, y) the “semi-saturation”
constant. Its value determines which values in the input image are
optimally visible after tone mapping, as shown in Figure 3. The
effect of choosing different semi-saturation constants is also shown
in this figure.
In its simplest form, g(x, y) is set to L̄v /k, so that the geometric
average is mapped to user parameter k [17]. In this case, a good initial value for k is 0.18, which conforms to the photographic equivalent of middle gray.
The exponent n in Equation 2b determines how pronounced
the S-shape of the sigmoid is. Steeper curves map a smaller useful range of scene values to the display range, whereas shallower
curves map a larger range of input values to the display range.
The several different variants of sigmoidal compression shown
above are all global in nature. This has the advantage that they are
fast to compute, while they are also amenable to implementation on
graphics hardware. For very high dynamic range images, however,
it may be necessary to resort to a local operator since this may give
better compression.
A straightforward method to extend sigmoidal compression replaces the global semi-saturation constant by a spatially varying
function. Thus, g(x, y) then becomes a function of a spatially localized average, for instance by using a Gaussian blurred image.
Each pixel in a blurred image represents a locally averaged value.
In local operators, halo artifacts occur when the local average is
computed over a region that contains sharp contrasts with respect
to the pixel under consideration. It is therefore important that the
local average is computed over pixel values that are not significantly
different from the pixel that is being filtered.
This suggests a filtering strategy whereby no blurring over such
edges occurs. A simple, but computationally expensive way is to
compute a stack of Gaussian blurred images with different kernel
sizes, i.e. an image pyramid. For each pixel, we may choose the
largest Gaussian which does not overlap with a significant gradient.
Once for each pixel the appropriate neighborhood is known, the
Gaussian blurred average Lblur for this neighborhood may be used
to steer the semi-saturation constant, such as for instance employed
by the photographic tone reproduction operator [17]:

In these equations, f (x, y) and g(x, y) may either be constant, or
a function which varies per pixel. In the former case, we have a
global operator, whereas a spatially varying function results in a
local operator. The exponent n is a constant which is either fixed,
or set differently per image.
Equation 2a divides each pixel’s luminance by a value derived
from either the full image or a local neighborhood. As an example, the substitution f (x, y) = Lmax /255 in (2a) yields a linear
scaling such that values may be directly quantized into a byte, and
can therefore be displayed. A different approach would be to substitute f (x, y) = Lblur (x, y), i.e. divide each pixel by a weighted
local average, perhaps obtained by applying a Gaussian filter to the
image [2]. While this local operator yields a displayable image, it
produces halos, as demonstrated in Figure 2.
The cause of halos stems from the fact that Gaussian filters blur
across sharp contrast edges in the same way that they blur small
details. If there is a large contrast gradient in the neighborhood
of the pixel under consideration, this causes the Gaussian blurred
pixel to be significantly different from the pixel itself. By using a
large filter kernel in a division-based approach such large contrasts
are averaged out, and the occurrence of halos can be minimized.
However, very large filter kernels tend to compute a local average
that is not substantially different from the global average. The size
of the filter kernel in division-based operators presents a trade-off
between the ability to reduce the dynamic range, and the visibility
of artifacts.

Sigmoidal Compression

Equation 2b has an S-shaped curve on a log-linear plot, and is called
a sigmoid for that reason. This functional form fits data obtained
from measuring the electrical response of photoreceptors to flashes
of light in various species [14]. It has also provided a good fit
to other electro-physiological and psychophysical measurements of
human visual function [9–11].
Sigmoids have several desirable properties. For very small luminance values the mapping is approximately linear, so that contrast is preserved in dark areas of the image. The function has an
asymptote at one, which means that the output mapping is always
bounded between 0 and 1. A further advantage of this function is
that for intermediate values, the function affords an approximately
logarithmic compression. This can be seen for instance in Figure 3,
where the middle section of the curve is approximately linear on
a log-linear plot. To illustrate, both Ld = Lw /(Lw + 1) and
Ld = 0.25 log(Lw ) + 0.5 are plotted in this figure 1 , showing that
1 The

0

Fig 3. Over the middle range values, sigmoidal compression is approximately logarithmic. The choice of semi-saturation constant
determines how input values are mapped to display values.

Fig 2. Halos are artifacts commonly associated with local tone reproduction operators. Chiu’s operator is used here without smoothing iterations to demonstrate the effect of division (left).
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Ld =

Lw
1 + Lblur

(3)

It is instructive to compare the result of this operator with its global

constants 0.25 and 0.5 were determined by equating the values as

well as the derivatives of both functions for x = 1.
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cause the HVS to interpret these perceived values as luminance values.
The HVS thus applies a second perceptual transform on top of
the one applied by the algorithm. This is formally incorrect. A
good tone reproduction operator should follow the same common
practice as employed in color appearance modeling, and apply both
a forward and a backward transform. Some algorithms do takes this
approach [13, 15, 23], although most do not.
The forward transform can be any algorithm thought to be effective at compressing luminance values. The backward transform will
then apply the algorithm in reverse, but with display parameters inserted. This approach compresses luminance values into perceived
values, while the reverse algorithm will convert the perceived values back into luminance values. As an example, Equation (2b)
should be rewritten as:
V (x, y) =
Fig 4. This image was tonemapped with both global and local versions of the photographic tone reproduction operator (top left and
right). Below, the CIE94 color difference is shown.

Lw
1 + Lw

(4)

For a conventional display, we would set Ld,mean to 128. The exponent m is also a display related parameter and determines how display values are spread around the mean display luminance. For low
dynamic range display devices, this value can be set to 1, thereby
simplifying the above equation to:

Images tonemapped with both forms are shown in Figure 4. The
CIE94 color difference metric shown in this figure shows that the
main differences occur near (but not precisely at) high-frequency
high-contrast edges, predominantly seen in the clouds. These are
the regions where more detail is produced by the local operator.
An alternative approach includes the use of edge preserving
smoothing operators, which are designed specifically for removing
small details while keeping sharp contrasts in tact. Such filters have
the advantage that sharp discontinuities in the filtered result coincide with the same sharp discontinuities in the input image, and may
therefore help to prevent halos [5]. Several such filters, such as the
bilateral filter, trilateral filter, Susan filter, the LCIS algorithm and
the mean shift algorithm are suitable [3, 4, 6, 16, 23], although some
of them are expensive to compute. Image pyramids can be used directly for the purpose of tone reproduction, provided the filter bank
is designed carefully [12].
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(5)

where V is a perceived value. The function g continues to return
a globally or locally computed adaptation value, which is based on
the image values. This equation then needs to be inverted, whereby
g is replaced with a display adaptation value. For instance, we could
try to replace g with the mean display luminance Ld,mean :
„
„
««
−V (x, y) Lm
1
d,mean
Ld (x, y) = exp
log
(6)
m
V (x, y) − 1

equivalent, which is defined as:
Ld =

n
Ln
v (x, y)
n
n
Lv (x, y) + g (x, y)

Ld (x, y) =

−V (x, y) Ld,mean
V (x, y) − 1

(7)

The computation of display values is now driven entirely by the
mean luminance of the image, as well as the exponent n which
specifies how large a range of values around the mean luminance
will be visualized. As a result, the inverse transform may create
display values that are outside the display range. These will have to
be clamped.
For comparison, example images computed with and without the
backward transform are shown in Figure 5. For the images computed without the backward transform, we compute display values
using:
L′d = (1 + f ) Ld,max
(8)

Mappings for HDR Displays

The techniques for tone reproduction discussed so far are all geared
toward the display of images on low dynamic range display devices.
Specific algorithms to prepare images for display on HDR devices
have not yet appeared. However, we can speculate about the features that such algorithms are likely to exhibit.
As opposed to conventional displays, HDR display devices emit
enough light to be sufficiently different from the average room
lighting conditions. An important, yet poorly understood issue is
that the human visual system (HVS) will adapt in part to the device
and in part to the room environment. Such partial adaptation is notoriously difficult to model, and is certainly not a feature of current
tone reproduction algorithms. Nonetheless, a good tone reproduction algorithm for HDR display devices would have to account for
partial adaptation.
There is, unfortunately, a second problem with most tone reproduction operators. Many operators are modeled after some aspects
of human vision. The computed display values therefore essentially
represent perceived quantities, for instance brightness if the tone reproduction operator is based on a model of brightness perception.
If we assume that the model is an accurate representation of some
aspect of the HVS, then displaying the image and observing it will

The f term allows some of the light values in the image to go
over the maximum display value Ld,max . These values will subsequently be clamped. The purpose of this step is to clamp pixels such
that the visual appearance of the with and without images matches
as much as possible.
The images in Figure 5 show a trend in that application of the
backward transform allows a better impression of bright objects.
For instance, the reflection in the sea and the sun in the bottom
image are better reproduced.
It is desirable that a tone reproduction operator does not alter an
image that is already within the display range [5]. In the model
proposed here this is implicitly achieved, as for n = m and g =
Ld,mean , the backward transform is the true inverse of the forward
transform. This is borne out in the CIE94 color difference metric,
which is uniformly 0 for all pixels after running the algorithm twice.
For HDR display devices, we expect to be able to use the same
image-dependentparameters n and g, but substitute new parameters
Ld,mean and m that characterize the target display. Hence, the utility
of this approach will increase when the dynamic range of display
devices becomes more variable.
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Fig 5. The images on the left are computed by applying the forward
transform. The backward transform is also applied for the right
images. Parameter values: Ld,mean = 128, Ld,max = 256, m = 1,
f = 0.5. Top images: g = 0.18/Lav and n = 0.8. Bottom images:
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critically depend on accuracy. Recent validation studies show that
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displayed material.
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and a backward transform are necessary. This is formally the correct approach to tone reproduction, but also appears to have direct
advantages in terms of visual appearance.
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