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Abstract 
In contrast with existent approaches, which 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 

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 information than standard 

photographs.  

 

Recently, methods to acquire such photographs have been developed [7, 20, 16]. These systems make it 

possible to capture a highly detailed range representation of the scene and later process the data in order to 

select the image/s that better fulfils the given requirements.  

These images could also improve computer vision and image analysis algorithms that usually rely on 

limited range data. This is particularly relevant in scenarios where we do not have complete control over the 

illumination, like medical applications for instance. Therefore, there is a need to develop algorithms to 

perform the translation from scenes to images, algorithms as the ones discussed and presented in this 

research paper. 

 

We can classify the existing approaches for the translation from scene to image in two main groups. 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., [5, 8]. 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. Second, the 

method breaks down when the input range is too wide (and uniform) compared with the available output 

range. 

 

In the second group, we have algorithms that favor the visualization of details instead of the subjective 

perception of the scene. As examples of this approach, we have the works of Tumblin and Turk [34] and 

DiCarlo and Wandell[24]. Both apply a multi-scale 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. The local mappings produced by these techniques violate the basic monotonicity principle, the pixel 
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value order is not necessarily preserved and darker (brighter) regions in the scene might become brighter 

(darker) in the 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. 

 

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.  

 

This set also includes a single satisfactory image that can be used if the specific application is limited to a 

single output. In general, different applications can select different sub-sets from the output of our 

algorithm. Our proposed approach is particularly useful when the high dynamic range image contains 

detailed information in regions with very different light levels, thereby requiring the use of different images 

to accurately visualize each region. This will be exemplified with our experiments. 

 

Our paradigm is also of particular use when the display device effortless permits the use of multiple images. 

This is the case for example of electronic displays, and less the case of printed media. 

 

2. Related Works 

In [28] 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. This 

method is designed to work only for synthetic images, for which the different layers are easily computed. 

(We will come back to this point later when reviewing the work of Tumblin and Turk [35].) 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 (a region around the selected point). 

 

It 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 drawback with this approach is that the user needs to select a point of attention. 

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 adequate 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. 

Similar to the work of Pattanaik et. al. we have the multi-scale generalization [9, 23] of the Retinex algorithm 

[7]. In this approach, to avoid the appearance of halos close to strong edges [43], is necessarily to finely tune 

the weighting of the different scales [13]. 

 

In terms of dynamic range compression, it performs well for moderate dynamic range compression but not 

for high dynamic range compression [13]. Continuing with the idea of segregating the image into layers of 

lighting and details [12],Tumblin and Turk [30] proposed a multi-scale approach to extract a hierarchy of 

details and boundaries.  
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Their idea is to mimic the way artists work from coarse to fine when recreating highly contrasted scenes in 

low contrasted mediums. Artists start with a sketch of strong features and progressively add small details. 

They propose to decompose the image into strong and weak features using a multi-scale operator, then, only 

strong features are compressed. Although the idea is very attractive, their algorithm cannot avoid halos 

completely and, as pointed out by the authors, needs the difficult tuning of some crucial parameters. 

 

In our view of the problem, the two groups of works just described are not completely equivalent; they 

basically address slightly different problems.  

 

Furthermore, although similar, their solutions cannot be easily compared, since one representation tries to 

capture the global subjective appearance of the scene under the limitation of the output/display device, while 

the second group attempts to visualize the scene details (note that details may be difficult to see even in 

front of the scene).  

 

While enhancing 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. 

 

The approaches described above produce a single image per scene or per focused scene region. It is quite an 

optimistic assumption that we can accurately represent and visualize the information of an image with tens 

of thousands of values, and with details in regions with very different luminance, with just one image and 

with limited dynamic range.  

 

This is what motivates the paradigm here proposed, meaning the use of 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 also has to do it in a visually pleasant form. We present a particular algorithm to 

exemplify this new paradigm. In the proposed algorithm, each image is produced by a different monotonic 

global map, thereby avoiding gradient reversals typical of the local schemes. 

 

 

3. Analysis of Method 

Let us assume we have a scene with dark and bright areas, and details all over it. If we want to visualize all 

the details, we need first to have a minimum dynamic range available, and second to be able to “see” in 

every region. In order to understand what is meant by “see,” we present a couple of simple examples.  

 

Consider 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 

reducethe amount of light. In both cases, the information is out there but it cannot be seen. Inphotographic 

terms, this is due to under-exposure or over-exposure. All the proposed operations are simply contrast 

changes.In this way, artefacts such as halos are not introduced. 

 

The first observation is that if we modify a region’s luminance, expanding its range ofvariation, it will be 

easier to perceive details in it. On one hand we display this region with“good illumination,” while on the 

other hand we might be compressing and missing detailsin other regions.  

 

In Figure 1.1 we show a piecewise linear mapping which illustrates ouridea. Hence, there is clearly a 

competition between the output fidelity of different regions,and unfortunately, it is difficult or impossible to 
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find a satisfactory solution with a singleoutput. To overcome this, we propose to generate a sequence of 

images with differentresolutions in each scene region (space varying resolution).  

 

This sequence could be eitherobserved as a movie or as a set of still images could be extracted from it. The 

key pointhere 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 expanding its luminancerange, and then we slowly swap resources 

to bright areas. 

 

4. Proposed Algorithm 

We are now ready to describe the different steps of the algorithm. 

 

1. Compute scene luminance: From the (r, g, b) primaries compute the luminance L (in cd/m2) and the color 

information (r/L, g/L, b/L). We process the luminance while preserving the color information. 

 

2. Segment the scene: Divide the scene into two or more regions of interest. This is achieved splitting the 

histogram into sub-intervals [Lwmin, L1], [L2, L3], ..., [Ln, Lwmax]. 

 

If we segment the scene arbitrary, we could lose the monotonic restriction of the tone mapping. We then 

choose a simple procedure that segments the scene into bright and dark areas to illustrate the idea, see 

section 1.3.1. From now on then, in this section, we assume two regions, [Lwmin, Lw] and [Lw, Lwmax]. 

 

3. Modify the luminance: Apply Larson’s et al. histogram adjustment algorithm, [8], to each interval. Map 

[Lwmin, Lw] to [Ldmin, Ld] and [Lw, Lwmax] to [Ld, Ldmax]. 

This algorithm computes the output brightness Bd with the formula 

Bd= log(Ldmin) + [log(Ldmax) − log(Ldmin)] ˆ P(Bw) 

This is done constraining the slope of the operator using an estimation of the just noticeable differences 

(JND) for a given adaptation luminance level. That is, the slope of the operator is constrained to the ratio of 

the just noticeable differences at world and display levels (dLd/dLw≤JND(Ld)/JND(Lw)). 

 

5. Experimental Results 

To begin with, the first regions have very small luminance values. This means that is very difficult, even 

being in front of the real scene, to perceive details there. The dynamic range for this region is extremely 

small, representing only the 5.32 × 10−3 % of the total input range. 

 

In other words, although region 0 covers a significant part of the scene, it expands an insignificant range 

from the total. Once again, it is clear that high dynamic range data it is not just a problem of output range, it 

is in fact a problem of resolution within regions in the scene. 

 

In Figure 1.3 we show the set of images obtained with our algorithm. Each image represents the image with 

maximal entropy per region. With these images we can see more details than in the single image processed 

with Larson’s algorithm (see Figure 1.3d and also Figure 1.4).  

 

The resulting images in Figure 1.3 are fairly natural, specially for the last two images. The three images 

selected visualize more information, especially in very dark and very bright regions. Hence, we managed to 

display the original scene in aset of images, making visible some information that was obscured in the 

original scene. 
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Note for example the details in the dark corners and in the bright windows. In the first image observe the 

upper left and upper right corners; the details in the ceiling are clearly visible now. In the second image 

observe the walls. Finally, the third image represents the windows. 

 

 

 

    

(Fig 1.1 : Image with entropy level 0)    (Fig 1.2: image with entropy level 1) 

 

 

(Fig 1.3 : Zoomed Image) 

http://www.jetir.org/


© 2022 JETIR May 2022, Volume 9, Issue 5                                                                     www.jetir.org (ISSN-2349-5162) 

JETIR2205B58 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org k453 
 

 

(Fig 1.4 : Zoomed Image with low illumination) 

 

(Fig 1.5 : Zoomed Image with high illumination) 

 

 

6. Conclusion 

We have presented a new paradigm for the reproduction and visualization of information in high dynamic 

range images. We argued for the use of a set of images instead of a single one as in traditional approaches.  

 

This is particularly important when the image contains details in regions with very different illumination. 

The set of produced images also includes a single image that is satisfactory for applications limited to a 

single output.More than being the last word about the problem of visualizing high dynamic range data, with 

this work we attempted to illustrates the intrinsic limitation of working with only one image. 

 

To select a single image from the set, we consider the image that maximizes theglobal entropy. If we 

compare it with the image computed with Larson’s algorithm, seeFigure 1.4, we can see that it contains 

enough details everywhere. This is due to themodification of the luminance distribution; we expanded 

regions that were originally verycompressed. However, it is clear from the zoomed images, Figure 1.5 and 

Figure 1.6, thatit does not capture dark and bright details as well as the images with maximum resourcesper 

region. 
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