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Abstract

This article presents an implementation of the local image enhancemenechnique proposed in
[J.L. Lisani, Adaptive local image enhancement based on logarithmic mappingdEEE Interna-
tional Conference on Image Processing (ICIP), 2018]. The technique isdsed on a logarithmic
mapping function that is adapted to the luminance characteristics of the neighborhood of each
pixel. The method permits to simultaneously increase the lumirance in dark regions and de-
crease it in bright regions. Variants of the originally published methad are discussed in terms
of contrast enhancement and creation of halo artifacts.

Source Code

The C source codes implementing the algorithms described in thegper, and the online demo,
are accessible athe associated web page

Keywords: image enhancement; contrast enhancement; local method; logarithmic apping;
adaptive method

1 Introduction

Many image enhancement methods have been proposed in theritture to improve the quality
of poorly illuminated images. These methods can be roughlyassi ed as global or local. Global
techniques apply the same tone-mapping function to all thanage pixels, independently of their
position in the image. Examples of global techniques are gama correction, histogram equalization,
Drago et al. B] method and P]. The main shortcoming of these methods is that an increase i
contrast in the dark regions leads to a decrease in contrastthe bright regions and vice versa, since
they are unable to deal simultaneously with both kinds of regns.

Local techniques adapt the tone-mapping to the charactetiss of the spatial neighborhood of each
pixel and obtain better results. Examples of such techniggeare CLAHE [14], Multiscale Retinex
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(MSR) [7, 13, ACE [15, 4] and Local Color Correction (LCC) [L1, 16]. Most of these techniques
successfully improve the visibility of poorly illuminatedregions of the image, but in bright regions
the contrast is not signi cantly improved (or even it is redwced). An exception to this behavior is
LCC, which simultaneously enhances the contrast in both diarand bright regions.

Figure 1 illustrates the previous comments. The same input image igqressed using a global
enhancement method (Drago et al.3]) and two local methods (Multiscale Retinex (MSR) 13 and
LCC [11, 16]). We observe that neither Drago nor MSR methods are able tonprove the contrast
in the bright region of the image (the lighthouse). Quite to he contrary, the contrast is reduced
with respect to the original image. Meanwhile LCC improveshte visibility both in dark and bright
regions.

Original Drago et al. B]

LCC [L1, 16]

Figure 1: Original image and results of di erent color enhancemer@thods. The LCC method does not produce saturation
in bright regions (in fact the contrast is improved with respectttoe original), but creates halo artifacts.

Inspired by LCC, in [8] it was proposed a new local enhancement method which obtathbetter
enhancement results than LCC in dark and bright image regien The current paper describes this
new method and analyzes its parameters and results.

The paper is organized as follows: Sectidghdescribes the method proposed ir8] and presents
two variants to the original implementation. In Section3 the behavior of the method in terms of
contrast improvement and halo artifacts creation is analyad for the three proposed implementations
and for di erent values of their parameters. In Sectior! the results of the method are compared to
the ones obtained with LCC and other techniques in the litetare. Finally, some conclusions are
exposed in the last section of the paper.

2 Description of the Method

The method presented in§] is inspired by the work of L. Moroney in L1]. This author proposes to
adapt the intensity of each pixel to the brightness charactestics of its neighborhood. In particular,
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pixels belonging to dark regions of the images are modi ed ing a concave tone-mapping function
(see Figure2-left) and therefore their values are increased. Convergeh convex tone-mapping is
applied to pixels in bright regions (see Figur&-right), which produces a decrease of their values.
The overall e ect is an increase in visibility in both dark ar bright regions. Moreney uses power
functions (also called gamma correction functions) of thefm | as tone mappings. Moreover, he
assesses the brightness of the neighborhood of each pixelkcbyvolving the intensity of the image
with a Gaussian kernel. High (resp. low) values in the convad image indicate that the pixel belongs
to a bright (resp. dark) image region. The only parameter ofite method is the scale of the Gaussian
kernel. For color images the method is applied independepntbn each channel. A detailed description
of Moroney's algorithm (called Local Color Correction, or CC) can be found in L6 and Figure 1
shows an example of application.

L (1) L)
255 255

0 255 | 0 255 |

Figure 2: Left, example of concave mapping function (in this ca&). Right, example of convex mapping function (in
this casel 2). The black line represents the identity transform.

In [8] two modi cations of LCC were proposed:

Gamma correction functions were replaced by mappings based logarithmic functions (see
below for details), which produce a steepest increase (redecrease) for low (resp. high) values
of intensity, thus leading to higher contrast enhancemennidark and bright image regions.

The use of an anisotropic lter [L, 10, instead of the isotropic Gaussian kernel, for the assess-
ment of the brightness in the pixel neighborhood. The goal he was the reduction of halo
artifacts in the processed images, along the boundaries Wween dark and bright regions. The
rationale behind this change is that halos are produced begse the Gaussian lItering blurs the
boundaries between these regions, and therefore by using @bdary-preserving anisotropic
Iter, halos should be reduced.

In particular, given an input intensity image? | : ! [0;255], the new outputl °is computed as
14%) = L oo (1 (X)) 1)

This equation has three components: a mapping functiob (1), a weight map w(x), and a
transition function (t).

2In a pre-processing step the range of the input image is linearly mapgd to the full range of an 8-bit image, i.e.
[0; 255]
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Figure 3: Left, tone mapping functioh (I), as de ned by Equation(2), for various values of . Right, function (t), as
de ned by Equation(6), for =0:05.

The mapping functionL represents in fact a family of tone mappings, based on the laghmic
function and parameterized by a single parameter. It is de ned as follows

8
log(1 +1) . .
Ezsao(g)(&ﬁ’ if > 0
T r e @
g oBE(1 1000 @55 1+ Y. i <
(1 Zees vy ) |

Figure 3-left displays L (1) for di erent values of the parameter . Remark that, for positive
values of , L is a classical logarithmic tone mapping that shall increagbe contrast of dark regions
of the image, as commented above. For= 0 we have the identity transform, and for < 0 we get
an inverted logarithmic function that shall increase the catrast of bright regions.

The function w(x) is called aweight map and assesses the brightness in the neighborhood of
pixel x. In this paper we test three di erent alternatives forw(x):

1. Gaussian weight map. As in11, 16] the weight map is computed as the convolution of the
intensity image with a 2D Gaussian kernel

jixiz .
22 7

w(x)=1(x) G (x); with G (x)= 2—12exp

)

where is the scale of the kernel, angj jj, denotes thelL.? norm.

2. Mean Curvature Motion (MCM) weight map. This is the optionused in B]. It consists of an
anisotropic lItering of the image intensity using the follaving PDE

_ @) _, DI’ DI’

@t iDIj"jDIj

(4)

whereD denotes the gradient operator. This is an evolution equatiothat progressively mod-
i es the initial image values depending on the curvature oftteir associated level lines. Details
about this equation can be found inJ0. We use the implementation described inlf. In
principle, the only parameter of this lter is the normalized scaleR (at normalized scaleR a
disk of radiusR disappears). However, in the used implementation an additial parameter
is added, namely a threshold’y on the magnitude of the gradient. For pixels whose gradient
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magnitude is belowT,, the heat equatiorf, which is equivalent to a Gaussian convolution, is
applied instead of Equation §).

3. Bilateral weight map. As an alternative to the anisotropiclter proposed in [8] to reduce the
halo e ect, we propose in the current paper the use of a bilat@ Iter to compute the weight

map
1 X ix vij2 L(x) 1(y))?
we) = 1 )exp J ; 2 exp (1( )2 2(y)) ; (5)
y2 S [
with W a normalizing factor de ned as
X . ) 2
W= exp WX W2 (1) Zl(y))

2§ 2

y2

The Iter depends on two parameters, a spatial scale parama&t s and a range parameter ;.

After computation with one of the above formulas, the valuesfahe weight map are normalized in
the range [0 1]. Figure 4 shows how the weight map of an image looks like for the di erérltering
options. Remark that both the MCM and the bilateral Itering converge to the Gaussian blur when
threshold Ty and the range parameter, respectively, are large enough. tme next section we will
compare the results obtained with the di erent de nitions d the weight function, and we will analyze
the e ect of the variation of its parameter(s).

Finally, a function (t) is de ned that assigns to each valug in the weight map a value of the
parameter

(0:5(1 (&) ); ift 05,

W= o5 Y ift> 05’

(6)

where is a parameter that we set to M5 to guarantee a smooth transition between the di erent
values of (see Figure3-right). This function is applied on the values of the weightmap. As a
result, positive values (i.e. logarithmic tone mappings) are assigned to daregions of the image,
while negative 's (i.e. inverted logarithmic tone mappings) are assignea tright regions. The nal
result of Equation (2) is an image with increased contrast in both dark and brightegions.

Color processing.  For color images Equation {) may be applied independently to each channel.
However, this leads to chrominance changes with respect taetbriginal image due to the modi cation
of the original R/G/B ratios. One way to preserve these ratis is to apply Equation (1) to the
luminance component of the image (i.e. the average of R, G aBdvalues), and then to compute the
new RGB values as

R°=R — :G°=G — :;B°=B — (7)

whereR, G and B (resp.R% G° B9 are the color channels of the original (resp. output) imagand
| (resp.19 its luminance. Remark that by using this transformation tre original R/G/B ratios are
kept. Moreover, the luminance of the output color image is eal to | °

The whole method, which we call LogLocal Color Correction (@.LCC for short), is summarized
in Algorithm 1.

3@ = |, where is the Laplacian operator.
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Gaussian =10 Gaussian =20 Gaussian =40

MCMR =10, Tg=5 MCM R =20, Tg=5 MCM R =40,Tyg=5

MCM R =10, Ty =10 MCM R =20, Tg =10 MCM R =40, Tqg =10

Bilinear ¢ =10, |, =20 Bilinear s =20, |, =20 Bilinear s =40, |, =20

—

Bilinear s =10, ;, =70 Bilinear s =20, | =70 Bilinear s =40, |, =70

Figure 4: Top, original image. Second row, weight maps obtained bgritig the image intensity with a Gaussian kernel for
increasing values of. Third and fourth rows, weight maps obtained by lItering the irga intensity with a MCM lter for
increasing values @k and two di erent values of thresholdy. Last two rows, weight maps obtained by ltering the image

intensity with a bilateral lter for increasing values ofs and two di erent values of .
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Algorithm 1: LogLocal Contrast Enhancement
Input : input image u = (Ug; Ug; Ug) (image domain: )
Output . processed image
Parameters: Itering option ( Gaussian or mcnor bilateral ), scale parameter (if
Itering= Gaussian or mcmor scale and range parameters,s and | (if
ltering=bilateral ), gradient magnitude thresholdTy (if ltering= mcm

//ICompute intensity

1 | = averageRGBchannelgu)
//Stretch range: linear map from [min(l), max(l)] to [0, 255]
2 | = linearStretch (1)
/ICompute weight map: normalize range of | and filter parameters to [0; 1] and apply
filter
3 if Itering option == Gaussian then
4 | w=gaussian lter( 1=255 ) /[Equation  (3)
5 if Itering option == mcmthen
6 | w=mcm_lter( 1=255Ty=255 ) /[Equation  (4)
7 if Itering option == bilateral  then
8 | w=bilateral _lter( 1=255 s; |=255) /[Equation  (5)

/ILocally apply logarithmic mappings

9 for x 2 do

10 | 14%)= L ey (1(x)) /lUse Equations (2) and (6)
//[Compute output color image

11 for x 2 do

t (VR; Va; Ve)(X) = (Ugr; Ug; Ug)(X) 'lo((;)) /IValues outside [0, 255] are clipped

1

N

2.1 Implementation Details

The algorithm complexity is dominated by the Itering operdion used to compute the weight map.
Once the weight map has been obtained, the rest of the algdmit runs in linear time. In order to re-
duce the computation time we have used fast implementatios the three proposed types of ltering.
For the Gaussian convolution, we have used the SlI (stackeatégral images) approximation described
in [5], which is the fastest of all the implementations analyzedithis article. Moreover, its compu-
tational cost does not depend on the scale of the Gaussian kel The MCM lter implementation
has been obtained from1[(]. Finally, a fast implementation of the bilateral Iter due to Sylvain Paris
and Fedo Durand [12] has been downloaded fromttp://people.csail.mit.edu/sparis/bf/ . In
particular, we use the truncated kernel implementation, wich gives an approximate result but it is
faster than the full kernel version.

The following table shows the computation times for the imagyin Figure 5-left (2000 1312
pixels) after running the algorithm for the three types of ltering. The scale of the Gaussian kernel
was 20, the normalized scale of the MCM Iter was 20 and the gdéent threshold parameter 10, and
the scale and range parameters of the bilateral Iter were 28nd 70, respectively. The code was run
on a single-thread of an Intel Core i5-4460 processor (4 cgrat 3.2GHz) with 16GB of RAM.

We observe that when using MCM ltering the algorithm is muchslower than with the other
types of ltering. In general we can conclude that, in terms focomputation time and quality of the
nal result (see next section), it is better to use the bilateal Iter for the computation of the weight
map.
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Gaussian| MCM | Bilaterall
131 | 15.86| 1.43

Table 1: Computation times (seconds) of the algorithm for image igu¥e 5-left (2000 1312 pixels) and di erent types
of lItering.

3 Experiments

In this section we compare the results of the method obtainedith the di erent options for the
computation of the weight map and with di erent values of theparameters. Figure5 shows the two
input images used in our tests.

Figure 5: Original images used in the experiments of Seclion

The results obtained with a Gaussian weight map and di erentvalues of the scale parameter are
shown in Figures7 and 8. We observe that a halo e ect is visible where very bright or ery dark
regions meet with a uniform background. We can see it for exathe on the side of the lighthouse in
Figure 7. In this case the halo is dark. On the other hand we observe aigint halo on the side of the
rocky outcrop, and also around the tree, in Figur®. This halo is more conspicuous for large values
of the scale parameter. Moreover, remark that the image issle contrasted when is small. When
the Gaussian weight map is used the only di erence between CIC and LCC is the local mapping
function (a logarithmic function vs. a power function). It must be noted that in this case, and for the
same scale parameter, the halo e ect is more visible for the.CC method (see Figures). The reason
is that the same property of the logarithmic mappings (i.e.teepest increase/decrease for low/high
intensity values) that permits a higher enhancement of thamage contrast also makes more visible
the halo.

LCC [L1, 16] LLCC

Figure 6: Comparison between LCC and LLCC when using the same tweah (Gaussian) and scale parameter € 20).
The LLCC result is more contrasted, but the halo e ect is morenspicuous.
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Gaussian weight map = 40 Gaussian weight map = 60

Figure 7: Results of LLCC when using a weight map obtained by coneolwith a Gaussian kernel of increasing scale

Gaussian weight map = 10 Gaussian weight map = 20

Gaussian weight map = 30 Gaussian weight map =40 Gaussian weight map = 60

Figure 8: Results of LLCC when using a weight map obtained by coneolwith a Gaussian kernel of increasing scale

For the MCM weight map we show the results for two di erent valies of the gradient magnitude
threshold in Figures9 and 10. For larger values of this threshold the results are very sifar to the
ones obtained with the Gaussian weight map. As with the Gaussi weight map, the halo e ect and
the contrast increase with the scale parameter, for a xed Wae of the gradient threshold. Moreover,
if the scale is xed and the gradient threshold is increasedhe halo becomes more visible and the
contrast between bright and dark regions also increases. Whéhe threshold parameter is small
some artifacts may appear in the image due to the curved shapef the weight map typical of the
curvature ltering (see images in the third row of Figure4, for T4 = 5). This e ect can be observed
in the top-left detail of the image computed with parameter®R = 10 and Ty = 5 in Figure 9. The
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use of a larger threshold value permits to eliminate this afact. Although the scale parameters
of the Gaussian and MCM lter have a di erent interpretation, when using the same value of the
parameter, the halo is less visible in the case of an MCM wetghap. In order to better appreciate

the di erences between these results we recommend the reatterun the online demo associated to

this article.

MCM weight mapR =5, Tg = 10 MCM weight mapR = 10, Ty =10

|
q [
= I
— : | R
| |

MCM weight mapR = 30, T, =10  MCM weight mapR =40, T; =10  MCM weight mapR = 60, T, = 10

Figure 9: Results of LLCC when using a weight map obtained by itgnvith MCM of increasing scalB and two di erent
values of the threshold.
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NN

MCM weight mapR =5, Ty =5 MCM weight mapR =10, Tg =5 MCM weight mapR =20, Tg =5

e

MCM weight mapR =30, Tg =5 MCM weight mapR =40, Tqg =5

MCM weight mapR =5, Tg = 10

- il

MCM weight mapR = 30, Ty = 10 MCM weight mapR =40, Ty = 10 MCM weight mapR = 60, Ty =10

Figure 10: Results of LLCC when using a weight map obtained by rigsvith MCM of increasing scal@ and two di erent
values of the thresholdy.
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For the bilateral weight map Figures1l and 12 display the results obtained for increasing values
of the scale parameter and two di erent values of the range pameter. For larger values of the range
parameter the obtained results are similar to the ones obtad with the Gaussian weight map. For
small values of this parameter no halos are created. Howewsme details of the images are lost,

such as the branches of the trees in the bottom-right detailf &-igure 11 and in the top-left detail of
Figure 12 (in both cases for | = 20).

b

b

b

L= L= L=
Bilateral weight map s =5, | =20 Bilateral weight map s =10, |, =20 Bilateral weight map s =20, |, =20
L= L= L=
Bilateral weight map s =30, | =20 Bilateral weight map s =40, | =20 Bilateral weight map s =60, ;| =20
= = =
Bilateral weight map s =5, | =70 Bilateral weight map s =10, |, =70 Bilateral weight map s =20, | =70
L= L= L=
Bilateral weight map s =30, | =70 Bilateral weight map s =40, | =70 Bilateral weight map s =60, ; =70

Figure 11: Results of LLCC when using a weight map obtained by b#htkering of increasing scale s and two di erent

values of the range scalgq .

This artifact occurs when small dark (resp. bright) objectsre in front of a slightly brighter (resp.

darker) background. In this case, when the range parametes small, the weight map takes a low
value at the dark pixels (which are therefore brightened) aha high value at the bright ones (which
are darkened). The overall e ect is that both types of pixelsnay end up with similar values, as
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in the displayed examples. By using a larger value of the ramgparameter a more uniform weight
map is obtained and approximately the same mapping is appti¢o all of them, thus preserving (or
increasing) the original di erences in luminance. In thisase, only when the di erences in luminance
are large the values of the weight map shall be di erent and th contrast in both dark and bright
regions will be enhanced. This can be seen in the images obéal with | = 70. In these images we
also observe that when the scale parameter increases a sligglo e ect is introduced and the image
contrast increases.

NN NS

Bilateral weight map s =5, |, =20 Bilateral weight map s =10, , =20 Bilateral weight map s =20, , =20
\j - \j - x -
Bilateral weight map s =30, | =20 Bilateral weight map s =40, |, =20 Bilateral weight map s =60, | =20
\j - \j - x -
Bilateral weight map s =5, | =70 Bilateral weight map s =10, ;, =70 Bilateral weight map s =20, |, =70
\j - \j - x -
Bilateral weight map s =30, | =70 Bilateral weight map s =40, , =70 Bilateral weight map s =60, | =70

Figure 12: Results of LLCC when using a weight map obtained by badatkering of increasing scale s and two di erent
values of the range scalg .
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From the previous experiments we can conclude that, in ordéy get rid of halo artifacts, the best
option is to use the bilateral lIter for the computation of the weight map. Moreover, to avoid the
introduction of new artifacts using this lter, the range paameter cannot be too small and the scale
parameter cannot be too large. A safe option is to use the dafaparameters s =5and | = 70,
which shall be used in the experiments of the next section. Rark however that halo artifacts are
generally only noticeable if the image presents large unifo areas (e.g. the sky or the sea) that meet
some very dark or very bright image object, as in the examplehown in the previous images. If
this is not the case, the use of a larger scale parameter may dwvisable in order to obtain a more
contrasted result. This is illustrated in Figure1l3 where the results obtained with the three proposed
Itering techniques are shown and no artifacts are noticedd. In this example, the use of a Gaussian
weight map permits to obtain a more contrasted image than whtthe other Itering methods.

Original Gaussian weight map = 10

MCM weight mapR =20, T4 =10 Bilateral weight map s =20, | =70

Figure 13: Example of enhancement using a large value of the scatemgder. For this image no noticeable artifacts can
be observed.
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4 Comparison with other Methods

In this section the results of LLCC are compared to those obitaed with other image enhancement
techniques. First of all, the method is compared to LCC, to shwothat it indeed improves its results,
which was the primary goal of its implementation. Moreovertwo recently published techniques are
included in the comparison, namely BIEZ] and SEF E]. Both techniques are aimed at improving
simultaneously dark and bright regions of the image and follv a similar approach: several enhanced
versions of the original image are combined using a fusioncimique. For the comparison, and
according to the conclusions of the previous section, we ube version of LLCC that computes the
weight map with a bilateral Iter and parameters | =70 and s =5. LCC, BIE and SEF results
have been computed using their associated online derhos

For LCC we use the default scale parameter of the demo (10% dietsmallest dimension of the
image). For BIE and SEF we use the default parameters of the @, except for the parameters
of the robust normalization of SEF. By default, this normaliation implies clipping 1% of the most
saturated pixels of the image (both dark and bright). In ordeto do a fairer comparison with the
other methods we have disabled the clipping by setting the pameter of the normalization to 0%,
which simply means that a linear mapping is applied so that # minimum and maximum values of
the output image are set to 0 and 255, respectively.

Figure 14 shows the results of the comparison on ve images. We can obh&ethat all the methods
are able to enhance the visibility in both dark and bright aras. In dark areas the four methods give
similar results, although BIE and SEF o er a slightly better performance. However, in bright areas
LLCC is the method that obtains better results, improving the contrast while avoiding oversaturation,
as can be seen in the details shown in Figui®. On the negative side, LLCC produces a halo artifact
in the image displayed in the second row of both gures. Thisdio can be observed around the tree
on the right side of the image in Figurels.

5 Conclusions

This paper describes an image enhancement technique (LLCla3sed on a family of logarithmic tone
mappings which are locally applied to each image pixel depng on the luminance characteristics of
its neighborhood. Three di erent alternative implementatons of the method, and their parameters,
are analyzed and the results are compared with those of staikthe art techniques. The experiments
show that LLCC is able to improve the visibility in both dark and bright image regions and, in
particular, is the method that produces less saturated reKa in bright regions, at the expense of
introducing halo artifacts in some images.

4LCC: http://demo.ipol.im/demo/gl_localcolorcorrection/
BIE: http://ipolcore.ipol.im/demo/clientApp/demo.html?id= 77777000027
SEF: http://ipolcore.ipol.im/demo/clientApp/demo.html?id=279
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Original LCC 11, 16] SEF B BIE [2] LLCC

Figure 14: Comparison between LLCC and other image enhancementougth From top to bottom, images lIris, Es
Canonge, Swan, Cathedral and Girl.
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Original LCC L1, 16] SEF P BIE [] LLCC

Figure 15: Details of the comparison between LLCC and other image rezdraent methods. From top to bottom, images
Iris, Es Canonge, Swan, Cathedral and Girl.
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