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Abstract

A novel paradigm for the visualization of high dynamic range images is presented in this
paper. These images, real or synthetic, have luminance with typical ranges many orders of
magnitude higher than that of standard output devices, thereby requiring some processing for
visualization. In contrast with existent approaches, that compute a single image with reduced
range, close in a given sense to the original data, we propose to look for a representative set of
images. The goal is then to produce a minimal set of images capturing the information all over
the high dynamic range data, while at the same time preserving a natural appearance for each
one of the images in the set. A specific algorithm that achieves this goal is presented and tested
on natural and synthetic data.

1 Introduction

High dynamic range images contain a wide range in luminance, many times in the order of tens
of thousands different values. ! These images could be natural, for instance obtained from multi-
exposure photographs [1] or with a multiple exposure sensor [5, 11], or synthetic, in the case of
computer graphic applications. These images have ranges that greatly exceed that of the output
device. The question is then how can we reproduce and visualize such an image in a standard output
device. This is the question we want to address in this paper.

Before proceeding, let us introduce some basic terminology. The scene is the real or synthetic
picture we perceive without involving any output device between it and our eyes.? An image, on
the other hand, is what we can see using the output device, or its internal computer representation
as an array of digital values. The key problem is how to translate from scenes to images, while
preserving the relevant scene information, producing a natural looking image, and avoiding common
artifacts such as halos (which are due to local gradient reversals [2]).

Numerous applications exist for high dynamic range images. One is computer graphics and the
production of synthetic images with realistic or hyper-realistic appearance. Another application
covers high dynamic range photographs which are able to capture much more detailed scene in-
formation than standard photographs. Recently, methods to acquire such photographs have been
developed [1, 11, 5]; in particular, in [11, 5] the described system is already included in a camera
prototype. This allows the user to capture a high dynamic (detailed) range representation of the
scene and later process the data in order to select the image/s that better fulfills the given require-
ments. Furthermore, these obtained images could improve computer vision and image analysis
algorithms which usually rely on just 8 to 24 bits images with limited range. This is particularly
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!These images are also referred to in the literature as high contrasted.

%In the case of synthetic scenes it might be sometimes very difficult to directly visualize the data.



relevant in scenarios where we do not have complete control over the illumination, like medical
applications for instance. There is then a need to develop algorithms that perform this translation
from scene to images, algorithms as the ones discussed and presented in this paper.

When addressing this translation problem we have to consider the digital nature of output
devices. Indeed, this is a very important issue when trying to display details. In some way, the
problem of high dynamic range could be seen as a resolution problem, with a small number of
output levels we have to display a highly detailed image. As we know, things become worst when
the number of output levels is less than the minimum needed to obtain a good gquantization.

We can divide the existing approaches to the translation from scene to image in two main groups
(examples of these will be detailed in the next section). The first group consists of algorithms that
map the original range to the output range while attempting to preserve the subjective perception
of the scene, e.g., [2]. Although this idea of “tone mapping” works quite well, it has some caveats.
First, it is not able to reproduce all the details present in the scene. The method breaks down
when the input range is too wide compared with the available output range.

The second group favors the visualization of details instead of the subjective perception of the
scene. In this group we have the works of Tumblin and Turk [10] and DiCarlo and Wandell [2].
Both apply a multiscale decomposition to discriminate between illumination and details. The main
problem with this idea is that, although correct in theory, it usually introduces halos in the output
image. Moreover, these approaches tend to have a large number of parameters, generally hard to
control in an automatic fashion.

Our proposed paradigm attempts to have the best of both groups mentioned above. We propose
a method that captures the details while preserving the natural appearance of the scene. As we will
explain below, there is an intrinsic limitation in representing a high dynamic range image with only
one standard output image. Furthermore, sometimes it is practically impossible to find an output
image containing all the relevant information in the high dynamic range image that represents the
scene. For this reason, we argue for a method to obtain a set of images containing all the relevant
information of the original scene and displayed in a suitable way.

1.1 Related work

In this section we review some of the recent literature on the reproduction of high dynamic range
images. First, we address methods which try to preserve the subjective perception of the scene and
then the ones which favor the visualization of details.

In [9], Tumblin and Rushmeier developed a tone mapping operator using models of human
perception. The main drawback of their algorithm is that they use a global brightness adaptation,
dark and bright regions are somehow clipped. Schlick [7] concentrated on a simple method for
computing a local tone mapping.

Ferweda et. al. [3] noted the connection between light levels, color, and acuity. Using this
work, Larson et. al. [4] proposed a global tone mapping operator which adjusts the histogram of
the scene based on psychophysical models for color, glare, and acuity perception. The results of
this method are very good, specially under the hypothesis of preserving the subjective perception
of the scene and considering its simplicity (just a global map). The problem is, as with most of
the methods in this category, when the input range is too large. Note that since this method tries
to preserve the original perception of the scene, details hard to see in the original scene will be
difficult to see in the output image as well.

In [8] the authors introduce two methods to display high dynamic range images. The first
one is intended to display synthetically generated images. The image is decomposed into layers



of lighting and surface properties. The light layer, which contains most of the high contrast, is
compressed and added back to the surface layers containing details and texture. In this way, high
contrast is reduced while preserving the details and texture from the original image. The mayor
problem is that this approach works only for synthetic images, for which we have easily available
the different layers. We will come back to this point later when reviewing the work of Tumblin
and Turk [10]. For natural scenes they proposed a locally adaptive method, denoted as the foveal
display, which is inspired by eye movements. The user selects a point of attention and the algorithm
computes an output image with preserved contrast in the foveal region. Is important to remark
that this approach is dynamic in the sense that a set of images is generated with the aid of user
interaction. The problems with this approach is that the user needs to select a point of attention
(not automatic procedure). Moreover, the user should be able to “see” everywhere in the image
to choose the points of attention. Problems could then arise if the image presented to the user is
not sufficient for inspection. On the other hand, we should note that this approach is connected to
ours in the sense that we also suggest to compute a set of images instead of a single one.

The work of Pattanaik et. al. [6] proposes a multiscale model for the representation of pattern,
luminance, and color in the human visual system. The main problem with this work is that,
although interesting for its detailed modeling of the human visual system, it can not avoid halos.

Continuing with the idea of segregating the image into layers of lighting and details [8], Tumblin
and Turk [10] proposed a multiscale approach to extract a hierarchy of details and boundaries. Their
idea is to mimic the way artists work from coarse to fine to recreate highly contrasted scenes in
low contrasted mediums. Basically, artists start with a sketch of strong features and progressively
add small details. They decompose the image into strong and weak features using a multiscale
operator. Then, only strong features are compressed. Although the idea is very attractive, their
algorithm can not avoid halos completely and, as is pointed out by the authors, needs the difficult
tuning of some crucial parameters.

In our view of the problem, the two groups described are not equivalent, they try to solve
different problems. Furthermore, although similar, their solutions can not be easily compared since
one representation tries to capture the subjective appearance of the scene under the limitation of
the output/display device, while the second group attempts to preserve the scene details. Basically,
if we enhance details we may be adding information not perceptually present in the original scene.
On the other hand, while preserving visual appearance, details might be omitted.

1.2 Our contribution

The common approaches described above produce a single image per-scene or per focused scene
region. It is a quite optimistic approach that we can accurately represent the information of an
image with tens of thousands of values with just a few hundred. This is what motivates the paradigm
here proposed, meaning the use a set of images to represent such highly detailed information. We
could say that while the algorithms described above deal with the reproduction of the scene, the
technique here proposed deals with its visualization. Moreover, we argue that not only the set of
images has to accurately visualize the relevant information present in the scene, but they have to do
it in a visually pleasant form. We present a particular algorithm to exemplify this new paradigm.

2 The method

Our idea is to propose a simple but effective method to visualize all the information in the scene
in a pleasant way. All remarks the fact that we would like to capture as many details as possible,



and pleasant means a procedure which appears natural to the observer. And last but not least, we
will try to avoid the introduction of halos and other artifacts in the solution.

Lets suppose we have a scene with dark and bright areas, and details all over it. If we want
to visualize all the details we would need first to have a minimum resolution available (number
of output levels), and second to be able to “see” in every region. In order to understand what is
meant by “see,” we are going to present a couple of simple examples. Consider the image of a dark
room, in order to “see” the details we would usually turn on the lights. Now, suppose we are in
the beach and everything is too bright, in this case to “see” we would probably wear sunglasses to
reduce the amount of light. In both cases, the information is out there but it can not be seen. In
photographic terms, this is due to under-exposure or over-exposure.

These problems are not at all new, specially in photography they are of great importance. If we
take a picture of an object and there is light coming from behind it, we won’t capture all its details.
To solve this, photographers put extra light to the front of the object. We are going to borrow this
idea and modify the luminance of the scene to capture all the details over it. All the operations
could be seen as just contrast changes, and in this way, we won’t be introducing artifacts.

The first observation is that if we illuminate a given region, we will be stretching its output
range, thereby using more output levels. Therefore, on one hand we display this region with good
light and resolution, while on the other hand we might be compressing and missing details in other
regions. Hence, there is clearly a competition between the output fidelity of different regions, and
unfortunately, it is difficult to find a solution with a single output. To overcome this, we propose
to generate a sequence of images with different resolutions in each scene region (space varying
resolution). This sequence could be either observed as a movie or a set of still images could be
extracted from it. The key point here is that for many applications more than one output image is
a reasonable solution.

The basic idea is then to distribute the existing resources among different output images. In the
case of only two regions, we first display dark regions via adding some extra light on them and then
we slowly swap resources to bright areas. This simple idea resembles the control of illumination
during acquisition and is perceived as natural by human observers.

2.1 Outline of the algorithm

Before presenting our proposed algorithm, let’s give some basic notation:

(r,g,b) Input color primaries

L Input luminance
[Lwmin, Lwmaz] Input luminance range
r Modified luminance
[Ldmin, Ldmaz]  Output luminance range
(R,G, B) Digital output values

We now describe the different steps of the algorithm.

1. Compute image luminance: From the (r,g,b) primaries compute the luminance L (in
cd/m?) and the color information (r/L,g/L,b/L). We will process the luminance while
preserving the color information.

2. Segment the image: Divide the image into two or more regions of interest. This is achieved
splitting the histogram into sub-intervals [Lwmin, L1, L2, ..., Ln, Lwmaz]. If we segment the
image arbitrary then we could loose the monotonic restriction of the tone mapping. We choose
a simple procedure which segments the image into bright and dark areas to illustrate the idea.
For the rest of this section we assume two regions, [Lwmin, Lw*] and [Lw*, Lwmaz].
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3. Modify the luminance: Apply Larson’s et al. histogram adjustment algorithm, [4], to

each interval. Map [Lwmin, Lw*] to [Ldmin, Ld*] and [Lw*, Lwmaz] to [Ld*, Ldmaz]. The
important point here is that when using the human contrast sensitivity function, the mapping
does not produce a contrast greater than the one present in the original scene. Since we are
working in regions, this means controlling the contrast over that given region. This step is not
a traditional histogram adjustment, it modifies the output range and the distribution within
it.
It is clear that if we select Ld* close to Ldmax we will be displaying the dark areas,
[Ldmin, Ld*], with a wider range than the bright areas. Thus, by changing Ld* we mod-
ify the resources assigned to each interval of the original luminance. A first solution to the
problem of visualization is to construct a movie by increasing Ld* from Lwmin to Lwmazx.
This gives us a continuous movie which, starting from the image with all resources allocated
to the dark areas, slowly moves to an image with all resources allocated to the bright areas.
A second possibility is to choose just a certain fix number of images.

In the case of three intervals or more, the idea is the same. We start with all resources
allocated to the first interval and we swap them to the next interval on the right.

4. Quantization: Quantize and gamma correct the recomputed primaries (f * L', £ * L/, % x L)
to obtain the digital output values (R, G, B).

2.2 Information assessment

As we mentioned before, the evaluation of the output image is mostly subjective. However, it would
be of interest to have an automatic procedure to asses the information content of each image in the
set. With it, we will be able to extract the best or set of best images in the sequence.

If we consider each image as a message, its information can be measured with Shannon’s entropy
function. We can therefore use it as a plausible measure of the image information. From the
histogram of the output image we find the probabilities of each output level, p , and with them we
compute the Shannon’s entropy as:

p logp

Note the relation between histogram equalization and entropy. The entropy is maximum when
all symbols are equally probable, which implies a at histogram. Furthermore, entropy maximiza-
tion captures our subjective preference towards well contrasted images.

eut

The first example is shown in figures 1-4. This image was captured with Devebec’s method [1].
Before going into the results obtained for this image, we give specifics on the parameters of the
algorithm. The first step is the segmentation of the original image (see Figure 1). We segmented
it in four regions, detailed in Table (1). Secondly, we assign the original resources for each region.
In this case we assumed Ldmaz  100cd/m? and Ldmin  2cd/m?, and selected initial ranges:
[74,8,8,8] (cd/m?). For the next image in the set, the resources are re-allocated moving them from
left to right in steps of 6 cd/m?2. (The second image was computed with [68,14,8,8] cd/m? per
region.)

From the data in Table 1 we can draw several conclusions. First of all, as we can see from
the figures in the table, the first regions have very small luminance values. That means that is



Figure 1: Left: Segmented image into four regions. Right: The image with a linear tone mapping.



Region | Range(cd/m?)
0 (0.12,0.70) 1.45¢-3
1 (0.70,1.80) 2.72-3
2 (1.80,148.41) 0.36
3 (148.41,40427.39) | 99.63

Table 1: Information for Memorial church image.

very difficult, even being in front of the real scene, to perceive something there. Furthermore, the
dynamic range for this region is extremely small, representing only the 1.45e-3  of the total input
range. In other words, the region 0 expands an insignificant range from the total. Here, is clear
that is not only a problem of output range, is in fact a problem of resolution within regions in the
scene. Now, if we assume that we do want to “see” all over the image, we apply the algorithm
discussed before. In every region we modify the luminance distribution.

In Figure 2 we show the images with maximum resources per region. With these images we
can see more details than in the image processed with Larson’s algorithm (Figure 4). The resulting
images in Figure 2 are fairly natural, specially for the last two images. The four images selected
visualize more information, specially in very dark and very bright regions. Hence not only we
manage to display the original scene in one image, we make visible some information that was
obscured in the original scene. Note for example the details in the dark corners and in the bright
windows. In the first image observe the upper left corner, the details in the ceiling are clearly
visible now. In the second image observe the wall at the left. The third one represents all the
walls. And finally, the fourth image represents the windows. Note how we make visible the details
in the windows. (This areas are completely lost with a linear tone mapping (simple linear map of
the input range onto the output range), Figure 1) The simple algorithm presented here produces a
movie, from which we extracted the images in Figure 2, that contains images that “add light” and
capture details not present in Figure 4.

If we compute the entropy per region and select the image which maximizes it we obtain the
images in Figure 3. The images which maximize the entropy are very close to the ones with
maximum resources allocated to them.

If we take the image which maximizes the global entropy and we compare it with the image
computed with Larson’s algorithm, see Figure 4, we can see that it contains enough details every-
where. This is due to the modification of the luminance distribution, we expanded regions that
were originally very compressed. This point it is important, shows how the method presented here
can be used to obtain only one image if needed.

The same methodology was applied to the bathroom image (Figure 5). Here we selected two
regions with limits [3,299,177222]. Figure 6 shows the segmented image together with the image
obtained with a linear tone mapping. In this case is not so clear the need for two images. Only some
details in the wooden frame are more visible in the image on the left upper corner. Obviously, the
image with all resources allocated to the bright region captures in a better way the details in the
lamps. Finally, the image with maximum global entropy balances both regions and is comparable
with the image obtained by Larson’s algorithm.

The last example is presented in Figure 7. The segmentation is with limits [0.22,12.18, 406.50].
Figure 9 shows the segmented image and the image obtained with a linear mapping. The details
in the oor and in the wooden desk are more clear in the top image on Figure 7, this details are
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Figure 2: These four images correspond to maximum resources allocated to each region, that is:
[74,8,8,8],[8,74,8,8],[8,8,74,8] and [8,8,8,74] cd/m?.



Figure 3: For each region we show the image with maximum entropy in the region.



Figure 4: Left: image processed with Larson’s algorithm. Right: the image with maximum global
entropy among all the images computed. Note how this image shows more details.
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difficult to visualize in the bottom image. Finally, once again, the image with maximum global
entropy offers a balance between both images and outperforms in this respect the image obtained
with Larson’s algorithm (Figure 8).

onc u ion

In this paper we have presented a new paradigm for the reproduction and visualization of high
dynamic range images. We argued for the use of a set of images instead of a single one as in
traditional approaches. More than being this the last word about the problem of visualizing high
dynamic range data, with this work we attempted to illustrate the intrinsic limitation of working
with only one image. We showed how going for more than one image we can obtain a simple and
nice solution to the problem of complete information visualization of high dynamic range images.

A number of questions remain open after this work. First of all, the specific algorithm here
described for the computation of the set of images is just a particular example, and others should
be developed. One of the crucial additional points is how to find the minimal number of images
required to visualize all the relevant information. These images have also to be pleasant and
hopefully with smooth transitions among them. We hope that the work here presented will open
the door to works on these and other relevant questions.
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Figure 5: In the first row we have the images with maximum resources per region. In the second
row we have, on the left the image with maximum global entropy and on the right the one computed
with Larson’s algorithm.
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Figure 7: The top and middle images correspond to maximum resources per region. Bottom: image
with maximum global entropy
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Figure 8: Top: Image computed with Larson’s algorithm. Bottom: Image with maximum global
entropy.
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