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In this paper, we present novel histogram adjustment methods for displaying high dynamic range
image. We ﬁrst present a global histogram adjustment based tone mapping operator, which well
reproduces global contrast for high dynamic range images. We then segment images and carry out
adaptive contrast adjustment using our global tone mapping operator in the local regions to reproduce
local contrast and ensure better quality. We demonstrate that our methods are fast, easy to use and a
ﬁxed set of parameter values produce good results for a wide variety of images.
& 2009 Elsevier Ltd. All rights reserved.
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1. Introduction
The dynamic range of a scene, image or imaging device is
deﬁned as the ratio of the highest to the lowest luminance or
signal level. The real world thus has a dynamic range of
approximately fourteen orders of magnitude. The current performance of digital image capture and display devices can match or
even exceed those of silver halide ﬁlm in many aspects like
accuracy and resolution. However, these devices still suffer from a
limited dynamic range, typically spanning only two to three
orders of magnitude. We call these devices Low Dynamic Range
(LDR) reproduction devices in this paper.
Recently there has been increasing interests in high dynamic
range (HDR) imaging to better capture and reproduce real world
images. Fig. 1 shows an HDR indoor/outdoor scene with a
dynamic range of about 25,000:1. In order to make features in
the dark areas visible, most cameras need longer exposure times,
but this will render the bright area saturated. On the other hand,
using shorter exposure times to capture bright area details will
obscure features in the darker areas. These limitations are
addressed by recent cameras which allow capturing higher
ranges, typically 12–16 bit resolutions, or through the use of

HDR radiance maps [1–3]. These HDR radiance maps are obtained
by merging properly-exposed portions of many bracketed images
and thus record the full dynamic range of the scene in 32-bit
ﬂoating-point number format. However, these numbers still
dwarf the dynamic range of most LDR reproduction devices,
such as computer monitors, printers and projectors.
In order to reproduce HDR radiance maps on LDR devices,
technologies are used to convert 32-bit ﬂoating-point values to 8-bit
integer values in such a way that the visual impressions and feature
details of the original real scenes are still faithfully reproduced.
These technologies are called tone mapping or tone reproduction.
Fig. 1 is an example of our tone mapping method applied to the HDR
radiance map of the original scene whose contrast greatly exceeds
the contrast available for displaying and printing.
Our work in this paper is motivated by the need for fast and
automatic tone mapping operators which can effectively and
efﬁciently compress high dynamic range scene to display on low
dynamic range devices such that the reproduced images look pleasing
and evoke our visual experiences in the original HDR scenes.

2. Review of tone mapping methods
Abbreviations: HALEQ, histogram adjustment based linear to equalized quantizer; ALHA, adaptive local histogram adjustment.
 Corresponding author. Tel.: + 86 28 87356203; fax: +86 28 87355185.
E-mail address: duanj_t@swufe.edu.cn (J. Duan).
0031-3203/$ - see front matter & 2009 Elsevier Ltd. All rights reserved.
doi:10.1016/j.patcog.2009.12.006

In the literature, tone reproduction techniques for compressing
dynamic range are usually described in two broad categories
[4]: global and local tone mapping operators.
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Fig. 1. Tone mapping example by our local operator described in this paper. Left small images are the selected multi-exposed image set of the original scene. Right image is
a tone mapped result of the HDR radiance map constructed using left multi-exposed image set. Images courtesy of Fattal et al., The Hebrew University of Jerusalem.

Global tone mapping operators are computationally very
simple and preserve the intensity orders of the original scenes
thus avoiding ‘‘halo’’ artifacts. Tumblin and Rushmeier [5] and
Ward [6] pioneered in addressing the tone mapping problem in
computer graphics and developed global tone mapping operators.
Tumblin and Rushmeier’s global operator aimed to match the
perceived brightness of displayed image with that of the scene,
while Ward [6] solved the problem in a different approach and
aimed to match perceived contrast between displayed image and
the scene. Later Ferwerda et al. [7] proposed a global tone
mapping operator based on comprehensive visual model which
successfully simulated several important visual effects like
adaptation, color appearance, visual acuity and time-course of
adaptation. Further, Larson et al. [8] used a histogram adjustment
technique to map real world luminance to display level by
capping the display contrast (mapped by histogram equalization)
when it exceeded that produced by a linear tone mapping
operator and the idea was then reﬁned by human contrast
sensitivity. Further the authors achieved a more sophisticated
operator by including models of human visual system like glare,
color sensitivity, and acuity. More recently, Drago et al. [9] used
an adaptive logarithmic mapping strategy to display high
dynamic range images. Their method was based on the observation that the steep slopes in the lower parts of the logarithmic
function with a smaller base were likely to increase the contrast
and brightness for the low luminance values, ensuring good
contrast and visibility in dark areas; while the relatively moderate
slopes in the higher part of the logarithmic function with the
larger base were likely to compress the higher luminance values.
Thus they changed the base of logarithm function based on the
luminance level to map scene luminance to display levels. More
recently, Duan et al. [10] proposed a novel global tone mapping
operator which use learning-based technique to display high
dynamic range image. In the literature, an interesting work was
proposed to visualize high dynamic range image with a series of
its tone mapped versions produced by different monotonic global
mapping [27]. Since each version is more easily optimized to
clearly reveal one part of the image, the whole sets of tone
mapped versions can present all the information of the image in a
better way. However, this work focused on information visualization of high dynamic range images, rather than tone mapping
which we discuss in this paper.
Global tone mapping operators generally cause loss of details
in the mapped images, so local tone mapping operators are

applied, at a higher cost, to better preserve the details and local
contrast in the images, as local tone mapping technologies
consider pixel neighborhood information in the mapping processing for each individual pixel. Tumblin and Turk [11] used a
layer-based method to display high contrast images. They
extended anisotropic diffusion that is the edges-preserving
low-pass ﬁlter [26] to a new low-curvature image simpliﬁer
(LCIS) to decompose an image into different layers. Then different
layers were compressed using different coefﬁcients. Afterwards,
these compressed layers were reconstructed to obtain displayable
image. Their LCIS in the decomposition stage ensured extracting
details from high-contrast images and avoiding halo artifacts.
More recently, using only two ‘‘layers’’, Durand and Dorsey [12]
introduced a simpler layer-based method to display high dynamic
range images. They ﬁltered the image with a bilateral ﬁlter into a
base layer and a detail layer. Only the base layer had its contrast
reduced and the detail layer was left untouched. The processed
layers are reconstructed to produce the mapped image. The choice
of the bilateral ﬁlter ensured that the edges be protected in the
decomposition process as LCIS did, which thus avoided introducing halo artifacts in the reconstruction stage. Bilateral ﬁltering
method was also adopted by Li et al. [25]. They ﬁrst decomposed
images into two ‘‘layers’’ using bilateral ﬁlter, then they used
global mapping function to adjust the base layer and enhanced
the detail layer adaptively using gain map obtained in the base
layer. Finally, they combined both the layers together to obtain
the tone mapped images with good local contrast. However, the
reported computational speed is very slow for this method. In
[13], the authors presented a multiscale image processing
technique to display high dynamic range image. In their method,
they used a symmetrical analysis–synthesis ﬁlter bank, and
computed a smooth gain map for multiscale subband images.
Their methods successfully avoided haloes that were usually
related with multiscale methods. Reinhard et al. [14] used a novel
local approach to map high dynamic range images to a display.
They based their method on the well-known photographic
practice of dodging-and-burning to reproduce the local contrast
for high contrast images. Fattal et al. [15] proposed a method
based on the manipulation of the gradient domain in the
logarithmic space. They calculated the gradient in the logarithmic
luminance domain and thus detected the contrast magnitude in
the corresponding position in the original luminance domain.
Then scale factors were used to attenuate the larger gradient more
than the smaller gradient, which was meant to compress the
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larger contrast more than the smaller contrast. Finally the
attenuated gradient ﬁeld was converted back by integration to
the logarithmic luminance domain followed by exponentiation
in order to return to the luminance domain. More recently,
Krawczyk et al. [16] derived a tone mapping operator which was
based on the segmentation of an HDR image into frameworks
(consistent areas) using anchoring theory of lightness perception
and on the local calculation of the lightness values. The ﬁnal
lightness of an image was computed by merging the frameworks
proportional to their strength. Lischinski et al. [17] proposed a
novel interactive local adjustment method for tonal values and
other visual parameters in an image. In their method, the users
can use a few simple brush strokes to indicate the regions of
interest, then the system adjusts the brightness, contrast and
other parameters in these regions automatically.
In this paper, we also investigate tone mapping for displaying
high dynamic range images. Manipulation of image histogram is
usually a way to control image contrast. In our work, we ﬁrst
propose a novel fast global histogram adjustment based tone
mapping operator, which effectively utilizes the full dynamic
range of display and thus well reproduces global contrast for high
dynamic range images. However, this operator cannot better
preserve local contrast and details, which is the common drawback of global tone mapping operators. When viewing high
dynamic range scenes, the local adaptation mechanism in human
visual system helps us to see the details in all parts in the scenes.
There have been researches to model and better understand this
mechanism like [18]. Inspired by these works, but not computationally building on these models, we extend our global tone
mapping operator to a novel local tone mapping operator. The
technique segments the images and carries out adaptive contrast
adjustment using our developed global tone mapping operator in
the local areas so that each local area can better utilize the full
dynamic range of the display and at the same time avoid noise
artifacts. Since the adjustment is based on each independent local
area, sharp jumps among different blocks are unavoidable after
the adaptive adjustment. To solve this problem, we present a
novel bilateral weighting scheme to eliminate associated boundary artifacts and halo artifacts caused by the segmentation. We
have tested our proposed local tone mapping operator for a wide
range of HDR images and it shows good results that are
comparable with the state-of-the-art tone mapping methods in
image quality, automation and computational speed. To present
our method, we organize this paper as follows. In the next section,
we ﬁrst present our fast global histogram adjustment based tone
mapping operator. In Section 4, we describe our local histogram
adjustment based tone mapping operators. Sections 5 and 6
discuss the performance of our proposed operators. Section 7
concludes our presentation and brieﬂy discusses future works.

3. Global tone mapping operator
Applying the logarithm function to luminance increases the
contrast and brightness for the low luminance values while
compressing the higher luminance values. This has been applied
in different ways for the display of HDR images [9,19]. As an initial
step, we use the following function to compress the luminance of
the high dynamic range image I to compact luminance D
DðIÞ ¼ ðDmax Dmin Þ 

logðI þ tÞlogðImin þ tÞ
þDmin
logðImax þ tÞlogðImin þ tÞ

ð1Þ

where Imin and Imax are the minimum and maximum luminance of
the scene, Dmax and Dmin are the maximum and minimum display
levels of the visualization devices (which are usually 0 and 255)
and t controls the overall brightness of the mapped image. In
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general, a larger t makes the mapped image darker and smaller t
makes the mapped image brighter as shown in Fig. 2. The choice
of t is a trial-and-error process, in order to avoid this difﬁculty,
we propose an approach to automatically set the parameter t.
The method works well for a wide range of images and can
automatically tune the mapped images to an appropriate overall
brightness.
The idea is inspired by the work of [20], and based on the
assumption that the log-average luminance of a scene should be
mapped to a speciﬁc point (key value) in the display dynamic
range depending on scene brightness. More speciﬁcally, the
brighter the scene is, the closer the point that the log-average
luminance is mapped to should be towards the top end of
the display dynamic range (higher key value). We have developed
the following steps to automatically estimate t.
1. Calculate the log-average luminance Iave of the scene as
"
#
1X
Iave ¼ exp
logðe þ Iðx; yÞÞ
ð2Þ
N x;y
where N is the total pixel number in the image. As I(x,y) is the
luminance value whose minimal can be 0 for pure black point, a
small value e is used to avoid the singularity that occurs with
0 values in these cases when taking logarithm operation.
2. Calculate the key value (larger key values correspond to
brighter images and smaller ones correspond to darker images) of
the image on the scale between 0 and 1 using
k ¼ A  Bð2 log Iave log Imin log Imax =log Imax log Imin Þ

ð3Þ

where constants A and B are empirically set to 0.4 and 2, and thus
k ranges from 0.2 to 0.8. The above equation suggests that if the
average brightness of the image goes to the lower end between
the maximum brightness and minimum brightness, the image
should be a darker image and thus assigned a relatively smaller
key value, otherwise, a larger key value is assigned.
3. Decide the offset such that Iave in the image is mapped to the
key value determined above on the scale between 0 and 1:
k¼

logðIave þ tÞlogðImin þ tÞ
logðImax þ tÞlogðImin þ tÞ

ð4Þ

The offset t can be solved using numerical calculation (Newton
method is applied in our study and the offset t can be found
within 20 iterations). An automatically computed offset t is
shown in Fig. 2 (right bottom), which sets the image to a proper
brightness.
With Eq. (1), although the overall brightness of the mapped
image can be appropriately set, the mapped images do not have
sufﬁcient details and appear with low contrast as shown in Fig. 5
(Most right one).
The reason that directly rendering compact luminance D(I) for
display will result in the lack of detail and contrast is caused by
linear quantization as illustrated in Fig. 3(a). In this case, the range of
D(I) is divided into equal-length N=256 intervals using cutting
points ln, and pixels falling into the same interval are grouped to
have the same integer display level d in the range between 0 and
255. Quantization is done purely on the basis of the actual pixel
values without taking into account the image’s pixel distribution
characteristics. As a consequence, in densely populated intervals, too
many pixels are squeezed into one display level, resulting in a loss of
detail and contrast, whilst in sparsely populated intervals, too few
pixels occupy quite a few valuable display levels thus resulting in
the under utilization of display levels. A traditional technique that
takes into account pixel distribution is histogram equalization as
shown in Fig. 3(b). In this case, the method divides the range of D(I)
into N=256 intervals using cutting points en based on equally
distributing pixel population. The division of these intervals is purely
based on the pixel population distributions and the actual pixel
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 = 0.01 (Too bright)

 = 0.1 (proper brightness by manually choosing )

 = 1.0 (Too bright)

 = 0.09 (proper brightness by automatically
computing )

Fig. 2. A high dynamic range image mapped using Eq. (1) with different values of t. The offset of the image on the right bottom is computed automatically. Radiance map
courtesy of Paul Debevec.
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Fig. 3. Mapping the output of Eq. (1) for display. (a) Linear mapping divides compact luminance range [Dmin, Dmax] into N = 256 equal length intervals and maps pixels
falling into the same interval to the same integer display level d. ln is the cutting points. (b) Histogram equalized mapping divides [Dmin, Dmax] into N = 256 intervals such
that the number of pixels falling into each interval is the same. All pixels falling into the same interval are again mapped to the same integer display level d. en is the cutting
points. (c) The quantizer of our algorithm divides [Dmin, Dmax] into N =256 intervals in such a way that the cutting points len should fall in between those of the linear
quantization and histogram equalization.
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values spanned in the range of D(I) are not taken into account. Again
pixels falling into the same interval are mapped (quantized) into the
same integer display level d. Although, the display levels are fully
utilized in such kinds of circumstances, densely populated
luminance intervals can result in the exaggeration of contrast
while in sparsely populated luminance intervals compression is too
aggressive.
Fortunately the drawbacks of linear quantization and
histogram equalization mapping are compensated by one
another. In order to achieve the desirable results, the designed
tone mapping operator should strike a balance between the linear
quantization and histogram equalization using cutting points len
as shown in Fig. 3(c).
Therefore, the next step of our global tone mapping operator is
to take D(I) as input and adjust its histogram using cutting points
len according to Fig. 3(c), i.e., to map D(I) to the integer display
level d using an approach that is between linear quantization and
histogram equalization.
Here, we present a global tone mapping operator called
histogram adjustment based linear to equalized quantizer
(HALEQ) to perform the mapping of Fig. 3(c), which makes the
linear to equalized quantization process extremely easy and fast.
With reference to Fig. 3, for linear mapping, the range of D(I) is
cut at l1, l2,y,lN  1. For histogram equalization, the range of D(I) is
cut at e1, e2,y,eN  1. If we want to achieve linear to equalized
quantization, a more straight solution is to ﬁnd the cuts le1,
le2,y,leN  1, which satisfy the following relation:
len ¼ ln þ bðen ln Þ

ð5Þ

where 0 r b r1 is a controlling parameter. If b = 0, the quantization is linear, b = 1, the quantization is histogram equalized. In a
sense, b controls the contrast enhancement level in the mapping
process. Setting 0 o b o1, we can strike a balance between the
two extreme forms.
To implement HALEQ, we have developed a highly efﬁcient
recursive binary cut approach. In this developed scheme illustrated in Fig. 4, we ﬁrst ﬁnd the cut l0 that divides the range of
D(I), which spans between [Dmin, Dmax], into two equal-length
intervals (linear quantization to two levels), then another cut e0
such that the number of pixels on either side of the cut is identical
and equal to half of the total pixel population (histogram
equalized quantization to two levels). We then ﬁnd a cut le0
that is between these two cuts depending on the value of b in
Eq. (5). In this way we have divided the pixels into two groups
[Dmin, le0] and [le0, Dmax]. Each group is then subsequently and

Fig. 4. Recursive binary cut approach implementation of HALEQ. The algorithm
ﬁrst divides the range of D(I) into two segments according to Eq. (5). Then these
two segments are each independently divided into 2 segments according to Eq. (5).
The process is then applied recursively onto each resultant segment to divide it
into 2 new segments based on Eq. (5) until the predeﬁned number of segments
(256) are created.
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independently divided into two groups following the same
operation and we get 4 groups [Dmin, le1,0], [le1,0, le0,], [le0, le1,1]
and [le1,1, Dmax]. The process is applied recursively 8 times to
generate the desired number of groups that is 255 and pixels
within the same group are mapped to the same low dynamic
range display level.
Fig. 5 shows an example of the mapping results and mapping
curves of our operator and those of histogram equalization, Larson
et al.’s [8] and linear compression. For this image, there are very few
very bright pixels (correspond to the area of the lamps), yet these are
very important pixels. Histogram equalization clearly compresses
these pixels too aggressively as the population of these pixels is
relatively small, so does the method of Larson et al. [8] because this
is essentially an approximate histogram equalization method in
treating sparsely populated intervals. It is shown clearly that the
areas of the lamps in the images mapped by Larson et al.’s method
and histogram equalization have been saturated because
compression is too aggressive in this part and not enough display
levels have been allocated to this part, this fact is demonstrated
more clearly in the mapping curves. For the linear compression
method (discussed in Fig. 3(a)), pixel population is never taken into
account and the display level is equally assigned, thus, relative large
portion of display levels can be assigned to the bright part (lamp
region), but at the cost of reserving less display levels for other parts
of the image. Thus more details in the lamp show up in the image,
however, the overall contrast and details of the image are not well
presented as shown in Fig. 5 (Most right one). In contrast, our
algorithm HALEQ strikes a balance between the methods discussed
above and is more ﬂexible in assigning display levels according to
image content, thus keeping good overall contrast and details for
both the lamp region and other parts of the image.
Our operator is related to the histogram adjustment technique
of [8] in the sense that both manipulate the histogram. In fact, we
were encouraged by the results of [8] in which the authors
demonstrated that simple histogram manipulation might offer an
optimal solution if the goals were to produce ‘‘good, natural
looking image without regard to how well a human observer
would be able to see in the real environment’’. However, the
histogram adjustment method of [8] has several drawbacks.
Firstly, the method only caps the display contrast (mapped by
histogram equalization) when it exceeds that produced by a linear
tone mapping operator and the idea is further reﬁned by human
contrast sensitivity. However, in sparsely populated luminance
intervals, compression is approximately achieved by histogram
equalization. This means that some sparse areas that span a wide
range will be compressed too aggressively. Features (details) in
such intervals which are visible to human eyes could be lost. This
unsatisfactory aspect of this algorithm is clearly illustrated in the
example in Fig. 5. Secondly, if the dynamic range of the scene is
already in the device range, the method of [8] uses linear scaling.
However, as it is well-known that sometimes linear mapping
would result in the under utilization of display levels and thus
leading to low contrast images, even though the dynamic ranges
of the scenes ﬁt within that of the visualization devices. Our
method overcomes these drawbacks and offers a more comprehensive and ﬂexible histogram adjustment solution to the
mapping of HDR images. Despite these advantages, the HALEQ
technique described above has the common drawback of global
tone mapping operators, i.e. the mapped images still lack local
contrast and details.

4. Local tone mapping operator
The human visual system has a more limited response range
than the 1014:1 range found in real world scenarios. We can cope
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Fig. 5. Top row: left to right, AtriumNight images mapped by our new method HALEQ for t = 0.5 and b =0.5, the method of Larson et al. [8], histogram equalization and
linear compression. Middle row: ampliﬁed regions of the images above them. In our monitor, setting t = 0.5 seems to give the most appropriate overall brightness for this
image. Bottom row: tone mapping curves of these used methods for the image. Radiance map courtesy Karol Myszkowski.

with the large dynamic range by a visual mechanism called
adaptation, which can be explained as the quality to accommodate to the level of a certain visual ﬁeld around the current
ﬁxation point [8]. Stevens and Stevens [18] carried out experiments to scientiﬁcally explain human visual response versus
different luminance levels under different adaptation levels. In
their experiments, an observer was ﬁrst adapted to a background
with uniform luminance, i.e. an adaptation level. Then they were
gradually presented a small target luminance which was different
with the adaptation luminance level. Then their visual response
(brightness) for this target luminance was recorded. Their
experiment results explained the phenomenon, i.e. higher
luminance points can be perceived darker than lower ones when
they are located in different adaptation levels. More importantly,
their results showed that different luminance intervals could
result in overlapped reactions on the limited response range of
the visual system, thus extending our visual response range to
cope with the full dynamic range of high contrast scenes.
Inspired by the local adaptation mechanism of human visual
system as described above, we design a novel Adaptive Local
Histogram Adjustment (ALHA) based tone mapping operator to
better render high dynamic range image for display.

A typical characteristic of HALEQ is its effective utilization of
the dynamic range of the display based on global pixel statistics as
described before. If we can segment the image into small regions
and apply HALEQ in each local area, each area would have a full
display dynamic range to utilize based on its local pixel statistics.
This is equivalent to extending the limited display dynamic range.
Local regions may obtain larger display dynamic range, and
they might overlap with each other. This is consistent with our
local adaptation mechanism as described before and thus better
matches our visual experience. In the following, we detail our
approach, which applies the HALEQ technique in local areas to
better map high dynamic range image for display.

4.1. HALEQ in local regions
In our adaptive local histogram adjustment based operator, the
ﬁrst step is the logarithmic mapping (Eq. (1)). The following step
is to determine to which local regions we will apply the HALEQ
technique. There are different ways of segmenting an image into
local areas, such as clustering and the method used in [16]. In our
study, we aim at providing a fast local operator, so we simply
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divide the image into non-overlapping regular rectangular blocks.
Fig. 6 (left) illustrates our approach. Based on the pixel statistics in
each block, we compute local HALEQn (nAN, where N is the
number of blocks. In Fig. 6, we only use 9 blocks for easy
illustration, i.e., N= 9) in the same way as in the global case
described in the last section. We use a common parameter b = 0.6
for all the blocks as the initial study in our local operator and we
will introduce an adaptive method to choose b later. If we regard
HALEQn as the mapping function, for an individual pixel value
D(x,y) output by Eq. (1), output integer display level d(x,y) is given
by
dðx; yÞ ¼ HALEQ n ½Dðx; yÞ

ðx; yÞ A n

ð6Þ

In Fig. 7, we show how higher luminance pixels might be
transferred to a darker display level compared with lower
luminance pixels, and how the same pixel values could be
transferred to different display levels. In this ﬁgure, there are
two mapping functions HALEQA and HALEQB, which are separately
developed based on the pixel local statistics in two individual
blocks (area A and area B) for an image (The right image of Fig. 9).
These mapping functions are drawn in the plot of D(I) against
display levels. In addition, the histograms of the original D(I) are
plotted using linear quantization in the same ﬁgure, which
indicates that the overall brightness of area A is lower than that
of area B. Now we pick up two points PA and PB with luminance
levels respectively above and below their corresponding
adaptation luminance (average luminance levels for areas A and
B). From the ﬁgure, we can see that our mapping functions map PB
to lower display level than PA (d1od2), which matches our visual
experience, i.e. a point with a luminance level higher than the
adaptation luminance (average luminance level) in a dark region
can be perceived brighter than a point with a luminance level that
is lower than the adaptation luminance in a bright region, though
the actual luminance level of the latter can be equal or even
higher than that of the former. In the same ﬁgure, we can also see
that two non-overlapped intervals in D(I) can result in overlapped
display level intervals (marked as red and blue) thus increasing
the chance of a local area to use wider spans of display dynamic
range to convey more contrast appearance.
Fig. 8 shows the normalized histograms of area A after
applying different approaches to D(I). The histogram on the top
is generated from the linear quantization. The histogram in the
middle is generated from the original HALEQ, which exhibits a
wider shape than that on the top. This is why the output image
from HALEQ shows improved contrast compared with that from
linear quantization (Fig. 5). The histogram at the bottom is

1853

generated from local HALEQ that breaks through the constraint of
monotonic mapping relationship and utilizes a much wider
display dynamic range to improve local contrast.
Fig. 9 shows the mapping results from the local HALEQ
method. Obviously, these images show more details and local
contrast in either dark or bright regions. However, the direct
application of HALEQ in each independent local area causes sharp
jumps among different blocks. The result is the boundary artifacts
in the images as can be seen in Fig. 9, making the mapped images
unacceptable despite the improvement in detail visibility and
local contrast.
In order to solve the boundary artifacts, we introduce an
approach as illustrated in Fig. 6 (right). For each pixel value D(x,y)
in the image, the ﬁnal mapped pixel value is the weighted average
of the results from tone mapping functions HALEQ1[D(x,y)],
HALEQ2[D(x,y)], HALEQ3[D(x,y)], etc. according to a distance
weighting function as following:
Pn ¼ K
HALEQ ½Dðx; yÞ  wd ðnÞ
ð7Þ
dðx; yÞ ¼ n ¼ 1 Pn ¼ Kn
n ¼ 1 wd ðnÞ
where distance weighting function wd is calculated as
wd ðnÞ ¼ eðdn =sd Þ

ð8Þ

In our experiment, we used a ﬁxed block size of 32  24 pixels
when dividing the images into blocks. dn is the Euclidean distance
between the current pixel position and the centers of each of the

Fig. 7. The mapping functions and histograms for two different local areas A and B
of an example image (The right image of Fig. 9).

Fig. 6. Left: divide the image into blocks and then apply HALEQ technique developed in Section 3 to each individual block. Right: distance weighting function is introduced
to eliminate the boundary artifacts. For easy illustration, only 9 blocks are used in this ﬁgure.
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Fig. 8. Normalized histograms of area A after different approaches are applied to D(I) output by Eq. (1). Top: the histogram from the linear quantization. Middle: histogram
from the original HALEQ. Bottom: histogram from local HALEQ.

Fig. 9. Mapping results from local HALEQ. Memorial radiance map courtesy of Paul Debevec, University of California at Berkeley; Clock building radiance map courtesy of
Greg Ward.

blocks as shown in Fig. 6 (right). sd controls the smoothness of the
image. The larger the value of sd, the smaller the inﬂuence of dn
when calculating wd. This means that all the tone functions will be
nearly equally weighted in the weighting operation and locality is
less obvious. Thus, setting the boundary smoothing factor sd to
larger values results in an image free from boundary artifacts but
with less local contrast. Setting sd to smaller values makes the
smoothing less obvious and the resulting image shows more local
contrast but is likely to show boundary artifacts. For the proposed
block size, setting sd to 20.0 shows good results, which not only
smoothes out the boundary artifacts but also preserves the local
contrast. K is the block number used in the weighting operation.
With setting the value for the boundary smoothing factor sd to 20,
5  5 neighborhood blocks work well so the sum in Eq. (7) is only
made over 25 blocks, i.e., K =25.
Fig. 10 shows the image after considering the distance
weighting function. We can see that good results are obtained

and the disturbing boundary artifacts are gone. These images
show details and local contrast and give a much more natural
appearance than those in Fig. 9. However, close observation of the
resulting images show that there are still two issues that need to
be solved in order to ensure the quality.
The ﬁrst is related with the nature of HALEQ and the fact that it
applies a contrast enhancement approach on images. It is wellknown that contrast enhancement approaches can introduce noise
in uniform areas when the enhancement level is too large. In our
case of manipulating contrast using HALEQ, b controls the
enhancement level as described in Section 3. Thus, an adaptive
approach for determining the values of parameter b is necessary in
order to avoid noise artifacts in uniform area. From Eq. (5), lower
values of b will decrease the level of equalization and be more
adequate for uniform areas. The second issue focuses on the halo
artifacts that arise when objects’ contour neighbor uniform areas.
This is mainly due to the nature of the distance weighting function.
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4.2. Adaptive selection of parameter b in uniform areas
In the previous section, a common parameter b was applied to
all the blocks across the image to improve the local contrast, and
this can introduce noise artifacts in relatively uniform areas. In
order to solve this problem, a direct approach is to decrease the
degree of contrast enhancement in the blocks with relatively
uniform areas, which can be achieved by decreasing the
parameter b of HALEQ technique. The main challenge is to
measure uniformity in order to detect these relatively ﬂat areas in
the images. One typical characteristic of blocks with uniform
areas is that these blocks exhibit a narrow shaped histogram after
logarithmic mapping, as shown in Fig. 11 (left) and (middle). The

block located in the uniform sky area has a more concentrated
distribution than that in another part in the image. A number of
statistics such as entropy or measures of dispersion can be used
for measuring this situation. In our case we proposal the following
Eq. (9) as the uniformity measurement for each block n, which has
proved to give consistently good results.
Pi ¼ M
jHistðiÞmeann j
ð9Þ
SDn ¼ i ¼ 0
Bin number
where M is the bin number and Hist(i) is the pixel population in
ith bin and the mean is the mean pixel population in each bin as
shown in Fig. 11. A larger value of SDn means that pixel population
distribution is further away from the mean pixel population in

Fig. 10. Mapped results after the consideration of distance weighting function.
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Fig. 11. Left and Middle: comparison of the histograms between uniform area and non-uniform area. Right: detected uniform areas in an example image.
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each bin, corresponding to more uniform luminance distributions.
Now if
SDn Z Z

ð10Þ

Then the region can be regarded as a uniform area and the contrast
enhancement should become moderate. Z is the threshold which
determines that at what level, the block can be regarded as a
uniform area. Smaller Z considers more areas to be uniform areas
and decreases the contrast enhancement in these areas. The effect
is that the resulting images show few noise artifacts at the cost of
an overall decreased local contrast. In our experiment, we ﬁnd
setting the values to 17.0 when choosing 20 bin number (M=20)
gives good results. Fig. 11 (right) uses the black blocks to mark the
detected uniform regions in the images using the above approach.
After detecting the uniform areas in the image, we propose
Eq. (11) based on our experiment to smoothly decrease the
parameter b in these areas to decrease the contrast enhancement
depending on the degree of uniformity.

b ¼ 0:6  ½1eð20SDn Þ 

ð11Þ

Eq. (11) means that the larger the value of SDn, the smaller the
value of b. This corresponds to what we discussed above, larger
values of SDn correspond to more uniform area and the contrast
0.6
0.5

enhancement should become moderate. Fig. 12 shows the plot of

b against SDn according to Eq. (11).
Fig. 13 shows the mapped image before and after the
consideration of the uniform areas in the image. For this
example we can see the sky has a more natural appearance. We
now turn to the removal of halo artifacts in the contours of objects
neighboring uniform areas with strong difference in luminance.
4.3. Removing halo artifacts
From Fig. 13 (right), it can be seen that halo artifacts are likely
to occur where contours of objects neighbor uniform areas. Fig. 14
illustrates the reason for this situation. When we divide the image
into regular blocks, we cannot guarantee that pixels belonging to
a uniform area are always grouped into the same block, and they
might be separated into different blocks. Since the corresponding
local HALEQ operators can be based on very different luminance
distributions, two pixels with similar value but on different
regions can be projected to have very different values. The
distance weighting operation (Eq. (7)) can smoothen the
difference; but cannot completely eliminate it because it gives
preference to the block where the pixel is located. Although this is
what we want in order to show local contrast, we do not want this
to happen when pixels obviously belong to uniform areas and
exhibit uniform characteristics. In order to solve the halo artifact
problem, we add a similarity weighting function to Eq. (8) and
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Fig. 12. The function used to smoothly decrease the parameter b depends on the
degree of uniformity (standard deviation SDn) in corresponding blocks.

Fig. 14. The reason of causing halo artifacts at the contours of the objects that
neighbor uniform areas.

Fig. 13. The mapped results before (left) and after (right) considering the uniform areas in the image. Halo artifacts are presented in some mapped images (The image on
the right is an example of these images).
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propose a bilateral weighting scheme as shown in the following
Eq. (12).
Pn ¼ N
HALEQ ½Dðx; yÞ  wd ðnÞ  ws ðnÞ
ð12Þ
dðx; yÞ ¼ n ¼ 1 Pn ¼ Nn
n ¼ 1 wd ðnÞ  ws ðnÞ
where
wd ðnÞ ¼ eðdn =sd Þ

ð13Þ

ws ðnÞ ¼ eðsn =ss Þ

ð14Þ

sn ¼

jDðx; yÞDmeann j
Dmax

ð15Þ

wd(n) is the distance weighting function introduced before,
ws(n) is the similarity weighting function, Dmax is the maximum
value in D(x,y), Sn is the normalized difference between current
pixel value and the average pixel value (Dmeann) of block n.
Although the distance weighting function smoothes out big jumps
among blocks, it still ensures preserving local contrast because it
always assigns the largest weighting to the HALEQ in the block
where the pixel is located. The similarity weighting function
increases the chance that similar pixels in the uniform areas are
mapped to similar values even when they belong to different
blocks. Smaller values of ss facilitate the elimination of haloes but
will produce image with less local contrast. This is because the
weights from the distance weighting function are likely to be
undermined by the similarity function as shown in Fig. 15. In our
experiment, we ﬁnd that using 0.1 for ss gives balanced good
results, which not only preserves the local contrast but also
attenuates halo artifacts always occurring close to the contours of
the objects that neighbor uniform areas as shown in Fig. 15.

5. Computational efﬁciency
In our implementation of HALEQ global tone mapping
operator, we aim to provide a highly efﬁcient processing
approach. In order to achieve this goal, we approximate the
ﬂoating point number by densely quantizing them to integers so
that we can use LUT to store the tone mapping function obtained
using the approach described in Section 3 and then quickly use it
to map pixel radiance values to display levels. The approach is
very efﬁcient and it only takes about 0.1 s to compute a
1024  768 pixel image on a T7300 with 2.0 GHz CPU, which also
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facilitates the fast computation of the ﬁrst step of ALHA, i.e.,
obtain all the tone mapping functions in blocks. In the ALHA
implementation, the most computationally extensive part is the
weighting process. However, this part can also be easily
accelerated by using the following strategies: 1. Pre-calculate
the distance weighting function for all the pixels only for one
block and then repeatedly use the computed values for all other
blocks, 2. The calculation of the similarity function can be
approximated, pre-calculated and stored in LUT to avoid the
extensive exponential calculation for each pixel. By using these
approaches, our ALHA is very computationally efﬁcient. Here we
compare our ALHA operator with 3 state-of-the-art tone mapping
operators. To map a 1024  768 pixel image on a T7300 with
2.0 GHz CPU takes about 0.4 s using our ALHA operator, which is
about 5 times faster than Fattal et al.’s operator [15] and 6 times
faster than Reinhard et al.’s [14] operator, and slightly slower than
Durand & Dorsey’s bilateral ﬁlter technique [12]. Another
property of our ALHA tone mapping operator is that the derivation
of the tone mapping functions in different blocks is independent
of each other and the weighting process for each pixel only
associates with 5  5 neighboring elements. The potential advantage of such kind of design makes our ALHA tone mapping
algorithm very suitable for parallel calculation, which stand a very
good chance of being accelerated to real-time computation using
GPU.

6. Compare ALHA tone mapping operator with other tone
mapping operators
The assessment of tone mapping algorithms is an important
research topic in the tone mapping literature. However, it is still
hard to ﬁnd a computational model which can determine the
superiority of the tone mapping algorithms. Thus, a better way of
understanding the superiority of the tone mapping algorithms is to
use human observers and psychophysical experimentation to
evaluate their performance. In addition, the rendering intent of
assessment such as accurate or pleasing rendering [21] should be
speciﬁed, as different rendering intents would cause different
assessment results for the same tone mapping algorithms. Recently,
some work investigated the performance of tone mapping algorithm
upon non-pictorial (scientiﬁc) high dynamic range images [28],
which again led to different assessment results for this particular

Fig. 15. Left: mapping result without considering similarity weighting function. Middle and Right: mapped results with considering similarity weighting function and
setting ss to different values. Smaller ss produces image with less halo artifacts but with less local contrast.
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rendering intent. In our experiment, we assess the performance of
pleasing rendering for tone mapping algorithms, because it is hard
for the users to experience the real scenes in order to carry out the
accurate rendering assessment, and also in most of the circumstances users’ judgments are only based on how pleasing the tone
mapped image looks. In the literature [21], Durand & Dorsey’s
bilateral ﬁlter technique is considered to perform best overall in
pleasing rendering aspect. Thus, in our experiment, we setup
psychophysical experimentation to compare our ALHA algorithm
with theirs. Since the main focus of the paper is the development of
the tone mapping algorithms, we did not seek a comprehensive way
of doing the evaluation. Thus a relatively simple but fair pair
comparison psychophysical experimentation was used to evaluate
the performance of both tone mapping algorithms.
We select 21 images for our experiment. These images include
both indoor and outdoor photographs covering wide range of high
dynamic range sceneries. Among these images, some of them are
standard HDR radiance maps that are widely used in tone mapping
algorithm test and the others are selected from the sample image
sets in some of the HDRI software companies’ webpages [22,23] as
shown in Fig. 16, which are then combined to HDR radiance maps.
Each image was rendered by both Durand & Dorsey’s bilateral ﬁlter
technique and our ALHA tone mapping technique. As we know, careful
choice of parameters for the tone mapping algorithms can usually
produce more satisfactory image quality. Thus in order to carry out a
relative fair comparison, we use the default parameter sets of each
algorithm to compute all the test images in our psychophysical
experimentation. For our algorithm, all the proposed default parameters discussed in the previous sessions are used to compute all the
images; for Durand & Dorsey’s bilateral ﬁlter technique, we used the
software provided by them and used the same default parameter
setting to compute all the images. For each image, the pairs from both
tone mapping algorithms were displayed side by side on a CRT monitor
in a dim room, but the left and right positions of the two images
rendered with the two algorithms are switched randomly for different
pairs. All of these pairs are presented to the participants in a ﬁxed
sequence order. thirty-one participants who are university students
with normal color vision and varying imaging experience were asked
to compare the two rendered images and choose the one they
preferred most. If they had no preference, they could choose ‘‘Don’t
care’’ option.
Table 1 summarizes our experiment result. In the table, the
performance for each case is calculated as the ‘‘Win’’ score plus
half of the ‘‘Don’t Care’’ score. The yellow color marks the cases
where our algorithm performs better than Durand & Dorsey’s
technique. Overall, their technology wins 3 more times than ours

in total 21 cases. After the experiment, attendants usually
reported that Durand & Dorsey’s bilateral ﬁlter approach
produced images with more local contrast in comparison with
ours, while ours had the advantage of preserving more details in
comparison with theirs. Fig. 17 shows one example of these
images pairs rendered by both methods in the experiment. It can
be seen that Durand & Dorsey’s approach produces images with
more local contrast, while ours clearly shows more details like
areas in the windows region (ampliﬁed area in Fig. 17). The
experiment results suggest that users tend to prefer images
showing more local contrast if the difference of details between
images are not very big and these are cases when their methods
win ours. Although our technology loses in case numbers, we still
win in total counts in comparison with theirs, i.e., our technology
wins 318 times totally, while theirs wins 316 totally as marked in
pink. The result is interesting and suggests that, for some cases,
our algorithm performs much better than theirs so that we can
still win in the total counts in spite of losing in total case numbers.
This implies that their algorithm is likely to produce much less
satisfactory results for some particular cases under their default
parameter settings. For example, the ‘‘Apartment’’ image
produced by their method exhibits a very degraded image
quality, and thus our method wins 27 times while theirs wins
only 3 times. In comparison, the image quality produced using our
algorithm would not vary considerably for various image contents
and gives consistent nice-rendering results. This means that our
algorithm has better automation to produce good tone mapped
images in comparison with theirs. Thus we believe that our
algorithm is more suitable for automatical batch processing
purpose in comparison with theirs.
Besides the above detailed comparison with a super tone
mapping operator, we would like to carry out general comparisons
between our ALHA operator and another 3 well established tone
mapping operators in the literature as shown in Fig. 18. The
learning based method [10] is a global tone mapping algorithm,
which has very good ability in treating global contrast. However,
this method obviously performs less effective than our ALHA
operator in treating local contrast and details as shown in Fig. 18.
The dark corners are very hard to see, while our ALHA operator
clearly reveals the details in these parts. Thus the images produced
by ALHA looks more pleasing than the learning based method. The
gradient domain compression method [15] provides good local
contrast image, however, these images are likely to have some kind
of noise artifacts as shown in Fig. 18. In comparison, our ALHA
produces clearer and cleaner results. In addition their method is
much slower than ours—ours is about 5 times faster than theirs as

Fig. 16. Test images used in our psychophysical experimentation.
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Table 1
Statistic result of psychophysical experimentation.
Images

Counts statistics
Ours win

Bright sun
Bristolb
Clockbui
Desk
Room2
Pavilion
Grandcanal
GroveD
Memorial
Oaks
Ofﬁce
Peyrou
Rosette
Tahoe1
Tinterna
Vinesunset
Windmill
Apartment
Room1
Lab
Tree
Global statistics

Percentage statistics
MIT’s win

Don’t care

Overall performance

Ours win

MIT’s win

Don’t care

Ours

MIT’s

9
12
13
13
13
23
21
22
10
16
7
16
11
13
22
15
17
27
8
12
18

22
18
15
18
18
8
10
9
21
13
23
14
19
15
8
16
14
3
22
18
12

0
1
3
0
0
0
0
0
0
2
1
1
1
3
1
0
0
1
1
1
1

0.2903
0.3871
0.4194
0.4194
0.4194
0.7419
0.6774
0.7097
0.3226
0.5161
0.2258
0.5161
0.3548
0.4194
0.7097
0.4839
0.5484
0.8710
0.2581
0.3871
0.5806

0.7097
0.5806
0.4839
0.5806
0.5806
0.2581
0.3226
0.2903
0.6774
0.4194
0.7419
0.4516
0.6129
0.4839
0.2581
0.5161
0.4516
0.0968
0.7097
0.5806
0.3871

0.0000
0.0323
0.0968
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0645
0.0323
0.0323
0.0323
0.0968
0.0323
0.0000
0.0000
0.0323
0.0323
0.0323
0.0323

0.2903
0.4032
0.4677
0.4194
0.4194
0.7419
0.6774
0.7097
0.3226
0.5484
0.2419
0.5323
0.3710
0.4677
0.7258
0.4839
0.5484
0.8871
0.2742
0.4032
0.5968

0.7097
0.5968
0.5323
0.5806
0.5806
0.2581
0.3226
0.2903
0.6774
0.4516
0.7581
0.4677
0.6290
0.5323
0.2742
0.5161
0.4516
0.1129
0.7258
0.5968
0.4032

318

316

17

0.4885

0.4854

0.0261

0.5015

0.4985

Fig. 17. Pairs comparison of tone mapping results of Memorial Church image. Left: result mapped by our ALHA operator and an ampliﬁed area. Right: result mapped by fast
bilateral ﬁltering tone mapping [12] and an ampliﬁed area.

reported in Section 5. Moreover, their method is less automatic and
requires certain parameter adjustments in order to produce good
results. In contrast, the proposed default parameters of our
algorithm discussed in the previous sessions produce good tone

mapped images for various cases as shown in the supplementary
material submitted with this paper. The photographic tone
mapping technique [14] needs as little parameter adjustments as
ours. However, our method is able to better preserve details and
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Fig. 18. Tone mapping results of the Memorial Church image. From top to bottom and left to right: result of Ward Larson’s method [8], result of learning based method
[10], result of our ALHA operator, result of Ashikhmin’s methods [24]. All the images are courtesy of various authors.

local contrast than this method as shown in the ﬁgure. Moreover,
our method is almost 6 times faster than the non-approximate
solution of this method.
In summary, our ALHA algorithm is very competitive with the stateof-the-art tone mapping operator in speed, quality and automation
aspects. We believe that our technology would be a very good candidate
for practical applications. More results produced by our ALHA are shown
in Fig. 19 and supplementary material submitted with this paper, which
are all produced using our default parameter sets.

7. Conclusion and future work
In this paper, we have presented a novel histogram adjustment
method for displaying high dynamic range images. Our global
tone mapping operator HALEQ works very fast and well

reproduces global contrast for high dynamic range images, which
overcomes some drawbacks of well-known histogram adjustment
tone mapping operator [8] and provides a better base for our local
tone mapping algorithm. However, global tone mapping operator
cannot better reproduce the local contrast. Aiming at developing a
tone mapping operator that can produce high quality images, we
adapt the global HALEQ to a local implementation and design a
local tone mapping operator called ALHA tone mapping operator.
Applying HALEQ directly into local areas introduces new
problems relating to different artifacts. For all of these issues,
we have developed successful solutions and obtain good results.
Our ALHA tone mapping operator is able to produce high quality
results with very faster computation speed and fewer parameter
adjustments, which is comparable to the state-of-the-art tone
mapping technologies. Despite these advantages, there is still
room for improving the current local tone mapping algorithm. GPU
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Fig. 19. Various HDR images tone mapped with our ALHA operator. Radiance maps courtesy of corresponding author(s).

implementation of the proposed ALHA algorithm in this paper is a
research topic in the future so that we can achieve real-time
computation for local tone mapping algorithm. The similarity weighting function used in this work is simply based on the pixel average
value in each local region. We will explore more advanced statistics in
each region to carry on the similarity weighting function.
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