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Abstract
High dynamic range images are images that have a ratio between their maximum and minimum
intensities greater than that of display or capture devices. One method to create high dynamic
range images is to combine a set of differently exposed shoots into a single image that has to be
compressed before visualization. Compressing high dynamic range images is thus based on a so
called high dynamic range map (HDR). In this paper we show that a solution to the problem can
be obtained without the need for the calculation of HDR maps. To achieve this we use an image
fusion method in the gradient domain. We start by calculating a gradient field which encompasses
the details found in the exposure image series. This gradient field is then integrated to result in the
final within dynamic range image. The resulting algorithm achieves high image contrast due to a
non-linear thresholding of gradients.
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Introduction

A camera is a light sensitive device designed to measure the intensity of the light reflected off
the different parts of the imaged scene. Similar to other measuring devices, a camera has a range
that is defined by the minimum and maximum intensities that it can, faithfully, record. The ratio:
Maximum to minimum intensities defines the dynamic range of the imaging device. This ratio is
fixed as both the minimum light energy level needed to evoke a reliable measurement and that,
level, that would cause a saturated measurement are fixed. It is, however, possible to shift this
range by controlling the amount of light allowed to reach the light sensitive part of the camera.
Shifting the range can be achieved by controlling the exposure time, shutter speed, or by adjusting
the camera’s aperture.
The dynamic range of natural sunlit scenes, i.e. the ratio between direct sunlight and the darkest
shadows is much higher than that of today’s cameras [6]. As an example, it is estimated that the
dynamic range of sunlit scenes is 100 000 000:1 candelas per square metre (cd/m2 ) while a 12 bit
digital camera has a range of 4096 : 1 (cd/m2 ). The discrepancy between the dynamic range of
the imaged scene and that of the imaging device cannot be resolved: When imaging a scene with a
high dynamic range parts of the resultant image will be under-exposed, over-exposed or both.
This paper was presented at the NIK-2010 conference; see http://www.nik.no/.

In applications where loss of detail, due to the scenes high dynamic range, is not acceptable,
photographers resort to imaging the same scene with different exposure levels. Consequently, the
higher the scene’s dynamic range the more images are needed to capture it. Representing a single
scene with a large number of images is, however, not desirable. To resolve this problem, Debevec
and Malik [6] presented an algorithm to construct a high dynamic range (HDR) map based on a
few images with different exposures or a panoramic video scan [1]. By definition, a high dynamic
range map is an image that has a higher, or much higher, dynamic range than the input device.
Unfortunately, HDR maps, present us with a new challenge: Given that the dynamic range of
output devices is limited, how can we visualize high dynamic range maps?
The past decade has witnessed increasing interest in efficient algorithms to display HDR maps
on low dynamic range devices. These algorithms can generally be grouped in two categories: In
the first, we have global tone mapping algorithms [5, 10, 11, 13, 16, 17] and in the second we have
local or spatial operators [4, 7, 8, 9, 12]. Global operators assume that a non-linear transformation
of the HDR map is sufficient to compress the data into the range of the output device. Spatial
operators, on the other hand, assume that the compression has to be based on the ratios between
the image pixels. In other words, the pixel intensity is defined based on its location in the image
plane.
We make the assertion that for most users it is the final tone mapped image that is of interest.
In other words, most imaging users are not interested in a HDR map but rather an image that has
a dynamic range no greater than their output device. Indeed it is the interest in an image with a
dynamic range that matches the output device that is the drive behind all tone mapping algorithms.
In this paper, we take a novel approach to the problem of constructing an image from multiple
exposures. We show that a solution to the problem can be obtained without the need to construct a
HDR map. Using recent advances in image fusion [2, 15, 14], specifically the algorithm developed
by Alsam and Drew [2, 3], we show that images with different exposures can be fused to result in
a single image with the correct dynamic range. Further, by exploring the state of the art algorithms
in image fusion we show that constructing a tone-mapped image from an exposure series can be
treated as a problem of converting multi-spectral image data to grayscale [3].
The first step in the proposed algorithm is the calculation of a gradient field for each image in
the exposure series. These gradient fields are then combined into a unified representative field that
is integrated to result in the final image. As proposed by Alsam and Drew [2] we combine the
gradient fields based on the maximum gradient at the horizontal and vertical directions. The main
contribution of this article is a new method to calculate a tone-mapped representation of an image
series with varying exposures without the calculation of a HDR map.
Calculation of a gradient field from a series of exposures

It is theoretically possible to treat the colour channels separately and thus for an RGB image with
m exposures, independently, calculate a combined red, green and blue channels that are within the
dynamic range of the output device. Such an approach leads, however, to a change in the colour
values that needs to be corrected. Instead we work on the luminance channel of each image with
the assumption that the colour values can be recovered from an the average of all the images.
Thus we calculate the gradient (zj x , zj y ) for each grayscale exposure zj separately. For each
pixel (x, y) we choose the gradient from the exposure which has the maximum absolute value over

all exposures.
There are of course other ways to construct a gradient field [18]; we have chosen the maximum
absolute value method because it is fast and has been shown to results in improved visualization
[2].
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Numerical Implementation:

Relaxation Method

Knowing that our assumption is that the best grayscale image is one having gradients as close
as possible to a one dimensional representation of the combined multi-exposure gradient, we can
state that we wish to minimize:
Z Z
min
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where ∇Z is the combined maximum gradient over all exposures and ∇g is gardient of the resultant
grayscale, luminance, image. Eq. 1 can be solved using Jacobi iteration, with homogeneous
Neumann (so-called “natural”) boundary conditions to ensure zero derivative at the image
boundaries. To handle boundary points, one inserts so-called “ghost” points outside the actual
image, with values given by setting the appropriate derivative at each boundary to zero.
The iteration steps are expressed as:
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This is a generalization of the standard solution of the Poisson equation corresponding to Eq. 1.
Equation 2 can be solved with an arbitrary guess image g. In our implementation we use the
average luminance image over all the exposures the as starting point g 0 . As iteration proceeds,
information is passed to neighboring pixels (relaxation) and the closer we get to an image that
satisfies the equality of output gradient to input maximum-gradient.
Further, to control the dynamic range of the solution image, we introduced a reset step. Thus,
t+1
at every iteration level we impose the constraint that the resultant pixel values, gx,y
are between
zero and m where m is the maximum intensity level that can be displayed by the output device.
t+1
Thus if gx,y
is less than zero we clip the value to zero; and if it is greater than m we clip it to m.
Therefore, to Eq. 2 we add the conditions
t+1
t+1
if (gx,y
< 0) gx,y
= 0,
t+1
t+1
if (gx,y
> m) gx,y
=m

Without this reset step, we found that image appearance had less contrast.

(3)

Figure 1. Seven different exposures of the Goldstein Synagogue: The Hebrew University of
Jerusalem. In our approach these images were fused without the creation of a HDR map.
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Results

In this section, we present an example image results. We compare our findings with those
presented by Fattal et al [8] . We chose the Fattal algorithm for a number of reasons: Firstly,
the algorithm has over the years, since its publication, been considered the method with best
and most consistent results. Secondly, knowing that like our method the Fattal approach is in
the gradient domain we believe that a comparison with this algorithm would offer the reader the
chance to compare two algorithms that are conceptually similar. The main difference between the
two algorithms is that in the case of our algorithm we don’t require the calculation of a HDR map.
Thus the main objective with this section is to show that the calculation of a tone-mapped version
of a high dynamic scene that is represented by a series of image exposures does not necessitate the
calculation of a HDR map. Finally, the claculations were based on the HSV colour space where
the images from each exposure level were trasformed to HSV and the caculation was based on the
value channel only. The hue and saturation of the final image were assumed to correspond to those
of the average over all exposures.
Goldstein Synagogue, The Hebrew University of Jerusalem

For this image, seven different exposures were used. These are shown in Figure 1. In our
approach, these were combined without the calculation of a HDR map. Further, the results for the
Fattal method are based on a high dynamic map that was created using the Debevec and Malik [6]
algorithm. To achieve an impartial comparison we obtained the Fattal’s results from the author’s
web-site.
Figure 2 shows a comparison between the colour output of the two algorithms. We note that
both algorithms result in visibly pleasing outputs. We refrain from comparing the colour fidelity
as we know of no objective method to measure it. Here we would like to point out that the Fattal’s
algorithm includes a sharpening step which we didn’t employ.
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Conclusions and future work

In this paper we have presented a mathematical derivation of a fusion method that we employed
to combine a series of images with different exposures. The results show that the resulting

Figure 2. Shows a comparison between the luminance output of both algorithms. New output,
top, and Fattal’s bottom. We note that in our approach all the variations seen in the different
exposures are represented in the final image.

algorithm achieves high image contrast while retaining the details in the different exposures.
Comparison with the Fattal algorithm also show that the use of image fusion represent a method
to optimize the calculation of an in-dynamic-range image by bypassing the calculation of a HDR
map. We believe that this approach is better suited for an in-camera processing of an exposure
series.
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