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Histogram based image enhancement techniques are widely used for performing contrast enhancement
in images. However, most histogram based image enhancement methods have insufficient capability to
freely tune the brightness and contrast of enhanced image. In this paper, two novel histogram based
image enhancement algorithms are proposed. The proposed algorithms provide the way to control the

brightness and contrast of enhanced image by adjusting two parameters. The principles for parameter
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histogram based methods.

selection are also discussed in this paper. Experimental results demonstrate a better performance of the
proposed methods in both perceptual quality and image quality assessment metrics than the existing

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Image enhancement that improves the visual effect of the im-
age is an important image pre-processing technique in machine vi-
sion applications. Brightness and contrast [9] are two distinctive
and objective image quality metrics in image enhancement. In the
past few years, several methods have been introduced to improve
the contrast of an image. These methods can be broadly divided
into two groups: direct method and indirect methods. Direct meth-
ods define a contrast measure and find a solution to improve it
[10-13]. While indirect methods enhance the contrast through en-
larging the dynamic range of pixel values or specified region with-
out defining a contrast measure. Indirect methods can further be
divided into two sub-groups: 1) decomposition based and, 2) his-
togram based techniques [14]. Decomposition based techniques at-
tempt to recover the intrinsic properties or find representations of
the input image [1,6]. On this basis, the input image is decomposed
into different components. Through modifying the magnitude of
the desired decomposed component, the enhanced image can be
obtained. Low-rank methods are widely used in data decomposi-
tion, and it is an efficiency way in performing image reconstruc-
tion [2-5]. The learning based sparse representation methods are
also widely used in image decomposition [6-8].
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Since the simplicity and high efficiency, histogram-based tech-
niques are widely used in image enhancement. Histogram based
image enhancement techniques can be divided into two cate-
gories, histogram equalization and specification. Histogram equal-
ization aims to find a transformation so that the output image
has a uniform histogram [14]. When image enhancement is ap-
plied on local regions, some local histogram equalization meth-
ods are developed [15-18]. The local histogram equalization meth-
ods use a small window that slips through every pixel sequen-
tially and the histogram of current position within a window is
equalized. Local histogram equalization methods sometimes over
enhance some regions of the image and produce undesirable
checkerboard effects. In order to improve the performance of his-
togram equalization, some bi-histogram and multi-histogram [19-
22| equalization methods have been introduced. The bi and multi-
histogram equalization methods split the input image histogram
into two or more sub-histograms, then those sub-histograms are
independently equalized. Although these image equalization meth-
ods can achieve satisfactory contrast enhancement, the varia-
tion in the gray level distribution may result in annoying side
effects [24].

Histogram specification (matching) is the approach to transform
the input image into a similar image that has a pre-specified or
desired shape of histogram. More generally, histogram equalization
is a special case of histogram specification when the desired his-
togram is uniform distributed. Various global histogram specifica-
tion methods have been proposed to specify the histogram of an
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input image. Gonzalez et al. [14] provided the conventional his-
togram specification algorithm. Rolland et al. [25] introduced the
optimal cumulative distribution function matching algorithm for
fast histogram specification. Sun et al. [26] proposed dynamic his-
togram specification algorithm to keep the histogram characteris-
tics of the input image. On this basis, the exact histogram specifi-
cation algorithms [27-29] are further proposed to transform the
histogram of the input image exactly to the desired one. Com-
pared to global histogram specification methods, the local his-
togram specification can avoid the problem of seeking the de-
sired histogram for the entire image. Therefore, some local his-
togram specification algorithms [30-32] applied the global his-
togram specification in local regions to produce favorable image
qualities. Similar with the local histogram equalization algorithms,
the computational complexity and undesirable checkerboard ef-
fects still are the problems that local histogram specification al-
gorithms faced. The two dimensional histogram can counts the
pairs of adjacent pixels with gray levels and represent the gray
level difference between the pixels of an input image and their
neighbors [23]. Recently, by using the mutual information between
each pixel and its neighboring pixels, two dimensional histogram
equalization (2-D HE) [24] and specification [33] algorithms have
been developed and have shown superiority in image contrast
enhancement.

All the aforementioned approaches enhanced the brightness
and contrast of the input image automatically. However, in some
image enhancement applications, particularly in consumer elec-
tronics, users always want the brightness and contrast of enhanced
image be controllable, e.g. restraining the brightness and enhanc-
ing image contrast for power saving. Is it possible to employ the
histogram based image enhancement technologies to satisfy this
requirement? Moreover, can we attach the spatial information in
images histogram to make the enhanced image has more details
on the basis of above requirement? In this paper, we introduce
the 2-D histogram to provide contextual information around each
pixel and use 1-D and 2-D Gaussian distribution as desired his-
togram in specification. We tune the brightness and contrast of
enhanced image by involving two parameters to adjust the shape
of probability density function of 1-D and 2-D Gaussian distribu-
tion. The proposed algorithm firstly calculates the original mean
and variance of the histogram of the input image. Secondly, two
parameters are introduced to tune the mean and variance by mul-
tiplication. Thirdly, the desired 1-D and 2-D Gaussian distributions
are estimated by the tuned mean and variance. At last, we use
the probability density functions of desired 1-D and 2-D Gaus-
sian distribution to specify the original 1-D and 2-D histogram
respectively, and finally get the enhanced image. Compared with
several state-of-the-art histogram based image enhancement algo-
rithms, the proposed algorithms not only produce better perfor-
mance in both visual effect and image quality assessment metric,
but also provide an approach for users to tune the brightness and
contrast of enhanced image by adjusting two parameters. More-
over, in some non-manual intervention applications, the two con-
trollable parameters can be automatically estimated by the envi-
ronment brightness or which achieve the highest image quality
assessment.

The rest of the paper is organized as follows. Section 2 presents
the 1-D and 2-D histogram specification algorithms using 1-D and
2-D Gaussian distribution. The connection between these two al-
gorithms is also discussed in this section. Section 3 verifies the
brightness and contrast controllability of the proposed methods.
The subjective and quantitative comparisons of the proposed al-
gorithm with several state-of-the-art histogram based image en-
hancement techniques are provided in this section. The discus-
sion on parameters selecting is also provided in this section.
Section 4 concludes the paper.

2. Proposed algorithms
2.1. 1-D histogram specification (1-D HS)

Consider an input image X = {x(i, j)|1 <i<M.,1 < j <N} and
assume that has a dynamic range of [Xi,, Xmax ] (i.e. x(i, j) € [Xmin »
Xmax |- The main objective of the proposed algorithm is to generate
an enhanced image Y = {y(i, j)|1 <i<M,1 < j <N} and y(i, j)
[0,Z*], which has a better visual quality than X.

Let x = {x1,X2,.....X;} be the sorted of k distinct gray-levels
of the input image X and satisfies x; <Xy < -+ <Xy, X1 = Xpin, Xk =
Xmax, thus, the 1-D histogram can be expressed as

Hy = {hy(m)im =1, ..., k} (1)
where hy(m) € R* is computed as

scr m
hy(m) =M, m (2)

> scr(xg)
i-1

with scr(m) denotes the number of the pixels of gray-level m in the
whole image. Fig. 1(a) and (b) shows the “Lena” image and its 1-D
histogram according to Eq. (2). Based on the histogram, the mean
value of the gray-level of the input image is

k
a=) xh(x) 3)
i=1
And the variance of the gray-level of the input image is
k 5 172
u=|> (x—a)h(x) (4)

i=1

Moreover, since image histograms are samples of probability dis-
tribution function, for a given 1-D histogram hy(m) in Eq. (2), the
cumulative distribution can be obtained as

PXZ{pX(m)|m=11"'vk} (5)

where

P(m) = " hy(i) (6)
i=1

For a given output image Y = {y(i, j)|1 <i <M, 1 < j <N}, and
assume that Y has a dynamic range of [ypin, Ymax]- Let y =
{y1,y2 ...y} be the sorted set of I distinct gray-levels of the output
image, and satisfies y; <y, <Y1, ¥1 = Ymin- Y1 = Ymax- In order to
map the elements of x to the elements of y, one needs to find
a 1-D density function and cumulatively histogram. In this section,
we use probability density function of 1-D Gaussian distribution as
the desired distribution/histogram

1 m'—ky )2

H =h(m) = ———=e 2 |m' =1,..,1 (7)

v/ 2mkou

From Eq. (7), we can find that, the mathematical expectation and
variance of desired distribution are set as kja and kyu, with a and
u denote the mean and variance of the histogram of the input im-
age defined in Eqgs. (3) and (4) respectively. k; and k, are the two
parameters that control the mathematical expectation and variance
of desired histogram in Eq. (7). Consequently, the desired cumula-
tive distribution function obtained by the desired probability dis-
tribution function h{(m’) can be written as

Pt:{pt(m/”m/:l""’l} (8)
where
pe(m’) = " he(i) 9)

i=1
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According to the Single Mapping Law (SML) [14] in histogram spec-
ification, the gray-levels of the input image are transformed to the
output gray-levels for a given output range of [V,in, Ymax] using
the cumulative distribution functions px(m) and p;(m’). The input
gray-level xp, is mapped to the output gray-level y,,, by finding
an index m’ for a given index m according to:

m’ = arg min |px(m) — pe (i) (10)
ie{1,2,....L}

By using Eq. (10), each distinct gray-level of the input image X

is mapped to a corresponding output gray-level to create an en-

hanced output image Y. The corresponding algorithm is provided

in Algorithm 1.

Algorithm 1 1D-HS.
Input: input image X, parameters k1, k;
Output: output image Y
1: Initialize expectation a = 0, variance u = 0, image histogram h,
destination histogram dest, enhanced image Y, pixel intensity y
: compute the histogram h by Eq. (2)
. for each pixel intensity m in X do
a:=m-h(m)+a
: for each pixel intensity m in X do
u:=(m-a)2 -h(m)+u
U:i=uxky,a:=axk
: compute the destination histogram dest by Eq. (7)
: compute the cumulative distribution functions p;(m’) of desti-
nation histogram by Eq. (9)
10: compute the cumulative distribution functions px(m) of his-
togram of input image by Eq. (6)
11: for each pixel intensity m in X do
12:  y(m') := min(abs(p (M) — px(m)))
13: for each pixel intensity m in X do
14: for each row do

15: for each column do

16: if X (row, column) is equal to m then
17: Y (row, column) :=y(m’)

18: return Y

2.2. 2-D histogram specification (2-D HS)

Similar with 1-D histogram defined in Section 2.1, letting x =
{x1,%2,...,%x,} be the sorted of k distinct gray-levels of the input
image X = {x(i, j)|1 <i<M,1 < j <N}, the 2-D histogram of the
input image can be defined as

Hy = {hy(m,n)ijm=1,...,kkn=1,...,k} (11)

Gray level (m) 00

h, (m.n)

250

150
100
50

50
Gray level (n)

(c) (d)

Fig. 1. The “Lena” image (a) and its 1-D histogram (b), as well as its 2-D histogram with w=1 (c) and w=3 (d).

Gray level (n)

where hy(m, n) e R* is computed as:

scry(m, n)

h(m, n) = — (12)
" ZL] Z?:l scrw (i, )

with
scrw(m,n) = Vi Yy S0 0 S 2y $ma (R ), (13)

x(i+k. j+D)(|Xm —xa| +1)

In Eq. (13), w is an odd integer number introduced for determining
a square w x w neighborhood around each pixel. ¢m n(x(i, j), x(i +
k,j+1)) € {0, 1} is a binary function involved in identifying the oc-
currence of the gray-levels x;, and x, at the spatial locations of (i,
jand (i+j,j+1)

1 if xp, =x(, j) and
xn=x(+k, j+1) (14)
0 otherwise

Gman(x(A, ). x(+ k. j+1)) = {

Fig. 1(c) and (d) shows the 2-D histogram of the Lena image ac-
cording to Eq. (12) with w=1 and 3 respectively. Similar with 1-D
HS defined in the above subsection, we use the probability density
function of 2-D Gaussian distribution as the desired histogram, and
also introduce two parameters k; and k, to control the mean and
variance of 2-D Gaussian distribution

kg0 (' kg 0y

1 2(kyu)?

H=h(m',n)= ———e
! « ) 27T(k2u)2

(15)

Substituting Eq. (15) to Egs. (5) and (8), the corresponding 2-D cu-
mulative distribution function can be written as

P = {px(m)im=1,....k} (16)
where
m k
p(m) = > " hy(i. ) (17)
i=1 j=1
and the desired probability distribution function
P ={pc(m)m =1,..., I} (18)
where
m 1
pe(m’) =" "he(i. j) (19)

i=1 j=1

At last, by replacing P, and P; with the above 2-D cumulative distri-
bution functions in SML (defined in Eq. (10)), the input gray-level
xm is mapped to the output gray-level y,,. Each distinct gray-level of
the input image X is transformed to a corresponding output gray-
level to create an enhanced/output image Y. The corresponding al-
gorithm is provided in Algorithm 2.
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Algorithm 2 2D-HS.

Input: input image X, parameters kq, k,
Output: output image Y
1: Initialize expectation a =0, variance u =0, two-dimensional
image histogram h,, image window size w, destination his-
togram dest, enhanced image Y, pixel intensity y

: compute the histogram h by Eq. (2)

. for each pixel intensity m in X do

a:=m-h(m)+a

. for each pixel intensity m in X do

u:=(m-a)®-h(m)+u

u:=uxky, a:=axk

: compute the two-dimensional image histogram h, by Eq. (12)

: compute the destination histogram dest by Eq. (15)

: compute the cumulative distribution functions p;(m’) of desti-
nation histogram by Eq. (19)

11: compute the cumulative distribution functions px(m) of his-

togram of input image by Eq. (16)

12: for each pixel intensity m in X do

13:  y(m') = min(abs(p;(m’) — px(m)))

14: for each pixel intensity m in X do

15: for each row do

_
o

16: for each column do

17: if X (row, column) is equal to m then
18: Y (row, column) := y(m’)

19: return Y

2.3. The connection between 1D-HS and 2-D HS

From Eqgs. (7) and (15), we can have the conclusion that, by con-
trolling the mean and variance of the histogram of output image,
parameters k; and k, can tune the brightness and contrast of out-
put image in both 1-D HS and 2-D HS. If k; and k, are larger than
1, the brightness and contrast of output image are enhanced, oth-
erwise, the brightness and contrast of output image are restrained.

There is an extra parameter w in 2-D HS defined in Eq. (12).
From Fig. 1, it can be seen that the diagonal of Fig. 1(c) (i.e., 2-
D histogram with w = 1) has the same distribution with Fig. 1(b)
(i.e., 1-D histogram). Thus, the 2-D histogram is equivalent to the
1-D histogram when w = 1. This means that, when w = 1, the 2-D
HS will have the same effect with 1-D HS. Moreover, From Eq. (13),
we can find that, the value of w associates with the contextual in-
formation utilization and computation time in 2-D HS. The larger
value of parameter w is, the more contextual information is uti-
lized in 2-D histogram, but more computation time is consumed.
Therefore, in the followed experiments, w =3 is selected in 2-D
HS to achieve a well-balanced tradeoff between the utilization of
contextual information and computation complexity.

3. Experimental results and analysis

In this section, five experiments are designed to test the per-
formance of our proposed algorithms. Experiment in Section 3.1 is
designed to test the brightness controllability in both 1-D and 2-
D HS by varying parameter k; . Experiment in Section 3.2 is pro-
vided to test the contrast controllability in 1-D and 2-D HS by
varying parameter k, . Experiment in Section 3.3 tests both the
brightness and contrast controllability by varying k; and k, simul-
taneously. In order to show the superiority and applicability of
the proposed algorithm, a comparison with some state of art his-
togram based image enhancement methods is given in Section 3.4.
Section 3.5 provides the discussion on parameters selection of the
proposed algorithm. To evaluate the enhanced results, some objec-
tive image quality assessments (IQAs) which overcome the short-

coming of artificial factors and take advantage of image statistics
properties to establish a steady standard of performance evalua-
tion are used. In this paper, four widely used no-reference IQAs,
i.e., Spatial-frequency (SF, in [34]), Average-gradient (AG, in [35]),
Edge-intensity (EI, in [36]) and Measurement of enhancement by
entropy (EME, in [37]) are employed to measure the quality of en-
hanced images.

3.1. Brightness enhancement

As we discussed above, the proposed algorithms can tune the
brightness and contrast of enhanced image by adjusting parame-
ters k; and k, in both 1-D HS and 2-D HS. In this experiment, the
testing on brightness controllability of proposed 1-D HS and 2-D
HS is provided. The classic and widely used “Pollen” image is se-
lected as input image. The enhanced images using 1-D HS and 2-D
HS under different k; are listed in Fig. 2. Table 1 shows the bright-
ness, contrast and IQAs of these enhanced images. Form Fig. 2 and
Table 1, we can find that, for each method, the brightness of en-
hanced image is about k; times larger than the input image, while
the contrast, SF, AG and EI stay almost the same. Therefore, we
can draw a conclusion that, changing k; in 1-D HS and 2-D HS can
proportional tunes the brightness of enhanced image, and makes
the contrast of enhanced image basically unchanged. Moreover,
compared with 1-D HS, 2-D HS performs better in restraining the
brightness and enhancing the contrast due to the contextual in-
formation is utilized. This makes the images enhanced by 2-D HS
have better perceptual quality than 1-D HS.

3.2. Contrast enhancement

In this experiment, testing on contrast controllability of pro-
posed 1-D HS and 2-D HS is provided. We still take the “Pollen”
image as input image, the enhanced images using 1-D HS and 2-
D HS under different k, are shown in Fig. 3. Table 2 presents the
corresponding brightness, contrast and IQAs. It can be seen from
Fig. 3 that, images in Fig. 3(b)-(d) and (e)-(g) shows significant
contrast enhancement visually. The corresponding histograms in
Fig. 3 also have larger gray-level range than original histogram.
Moreover, form the input to output gray-level mapping functions
shown in Fig. 3(h) and the IQAs in Table 2, we can find that, chang-
ing k, in both 1-D HS and 2-D HS can proportional increases the
contrast of enhanced image. The larger value of k, is, the higher
contrast in enhanced image can be achieved. In addition, 2-D HS
obtains larger contrast than 1-D HS under the same value of k,.
This means that 2-D HS generates higher perceptual quality than
1-D HS since the contextual information around each pixel is used
in the processing of 2-D HS.

3.3. Both brightness and contrast enhancement enhancement

Usually, in some image enhancement applications, particularly
in consumer electronics, the users prefer to tune both brightness
and contrast simultaneously. In this experiment, we provide the
testing on both brightness and contrast controllability of the pro-
posed 1-D HS and 2-D HS. Fig. 4 shows the enhanced images by 1-
D HS and 2-D HS under different value of k; and ky. Table 3 shows
the corresponding IQAs, brightness and contrast of enhanced im-
ages. Form Fig. 4 and Table 3, we can find that, the brightness and
contrast of enhanced images increase proportionally with k; and
k, increased. This means that both brightness and contrast con-
trollability can be achieved in the proposed 1-D HS and 2-D HS.
Similar with the above experimental results, 2-D HS obtains bet-
ter performance in both perceptual quality and IQAs than 1-D HS
under the same value of k; and k,. This can explained that 2-D
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Fig. 2. Brightness enhancement for image “Pollen”. (a) the input image and its histogram; (b-d) brightness enhanced images and the corresponding 1-D histogram by using
1-D HS with k; = 2,3 and 5; (e-g) brightness enhanced images and the corresponding 2-D histogram by using 2-D HS with k; = 2,3 and 5; (h) input to output gray-level

mapping functions.

Table 1
IQAS in brightness enhancement.
Input image 1-D HS 2-D HS
ki = ki =3 ki = ki = ki =3 ki =5

SF 515 5.24 5.26 5.22 6.18 6.19 6.10
AG 2.19 215 2.16 2.16 2.59 2.60 2.59
EI 22.39 21.70 21.86 21.78 26.34 26.31 26.24
Brightness 38.75 78.25 117.00 194.55 71.70 111.51 190.88
Contrast 91.79 80.64 82.09 82.39 122.35 121.75 122.48
EME 8.97 421 2.86 1.68 5.63 3.62 212

HS utilizes contextual information around each pixel while 1-D HS
only use the gray value of each pixel itself.

3.4. Compared with some existing methods

3.4.1. Gray level image enhancement

In this experiment, the comparative analysis of proposed 1-D
HS and 2-D HS on gray-level image enhancement with some state

of art histogram based image enhancement methods are provided.
We compare the enhancement results of our proposed methods
with classical histogram equalization method (1-D HE, in [14]),
2-D histogram equalization method (2-D HE, in [24]) well per-
formed power-constrained contrast enhancement method (PCCE, in
[43]), recent proposed spatial entropy-based contrast enhancement
method (SECEDCT, in [38]) and fuzzy-contextual based contrast en-
hancement method (FCCE, in [39]. The parameters k; and k, in 1-

Please cite this article as: B. Xiao et al., Brightness and contrast controllable image enhancement based on histogram specification,
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Fig. 3. Contrast enhancement for image “Pollen”. (a) the input image and its histogram; (b-d) contrast enhanced images and the corresponding 1-D histogram by using
1-D HS with k; = 1.5,3 and 7; (e-g) contrast enhanced image and the corresponding 2-D histogram by using 2-D HS with k, = 1.5,3 and 7; (h) input to output gray-level

mapping functions.

Table 2
IQAS in contrast enhancement.
Input image 1-D HS 2-D HS
ky=2 k, =3 ko = ky =2 ko =3 ky=5

SF 515 741 13.26 20.97 843 14.82 23.88
AG 219 3.01 5.31 8.71 344 5.81 9.55
El 22.39 30.45 53.74 88.72 34.93 58.97 97.38
Brightness 38.75 43.32 60.44 102.98 34.03 46.85 79.12
Contrast 91.79 153.19 462.99 1286.51 203.17 555.19 1512.68
EME 8.97 11.03 14.14 14.52 18.96 2414 24.04

D HS and 2-D HS are set as [k; =2,k, =3] and [k; =3,k; =9]. ferent methods for “Pollen” and “Elaine” images. From those ta-
Moreover, for space saving, in the following tables, “B” represent bles we can find that, 1) the IQAs of enhanced image by our pro-
for brightness and “C” for contrast are used, and only one digit posed methods can be absolutely controlled. This property offers
after the decimal point of all IQAs is retained. Tables 4 and 5 the users to tune the enhanced result according to their preference,
show the enhanced results and the corresponding IQAs by dif- environment brightness and so on; 2) the proposed 1-D HS and
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Fig. 4. Effects of both brightness and contrast enhancement. (a) the input image; (b) enhanced image and its 1-D histogram using 1-D HS withk; = 2, k, = 1.5; (c) using 1-D
HS with k; =k, = 3; (d) using 1-D HS with k; =5, k; = 7; (e) enhanced image and its 2-D histogram using 2-D HS with k; = 2, k, = 1.5; (f) using 2-D HS with k; =k, = 3;

(g) using 2-D HS with k; =5, k, = 7; (h) input to output gray-level mapping functions.

Table 3
IQAS in both brightness and contrast enhancement.
Input image 1-D HS 2-D HS
ky =2 ki =3 ki =5 ki =2 ki =3 ki =
k=15 k=3 ky =5 ky=15 ky=3 ky=7
SF 5.15 7.86 14.65 18.58 9.23 17.26 23.05
AG 2.19 3.24 6.17 7.69 3.89 7.34 9.54
El 22.39 32.73 62.52 78.27 39.45 73.66 97.62
Brightness 38.75 78.86 120.06 152.56 68.57 100.41 122.29
Contrast 91.79 183.34 666.30 1195.84 270.58 961.58 1776.27
EME 8.97 6.23 8.02 8.95 9.18 12.73 16.00

2-D HS have better performance in brightness restraining while
contrast enhancement. This means that the proposed methods pro-
vide high image contrast and good perceptual quality while reduc-
ing power consumption; 3) 2-D HS still has better performance in
both IQAs and perceptual quality than 1-D HS since the contextual
information around each pixel is used in 2-D HS.

3.4.2. Color image enhancement

The proposed algorithms can be straightforwardly extended to
color image enhancement by applying the algorithms to the lu-
minance component and maintain the chrominance component.
In this experiment, the input color image is transformed into CIE
Lab color space and only “L” component is taken for enhance-
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Input image

1-D HE

PCCE

2-D HE

SECEDCT

SF:5.2;AG:2.2; SF:22.1;AG:9.2; SF:20.2;AG:8.7; SF:23.8;AG:9.9; SF:21.8;AG:5.9;
EI:22.4;B:38.8; EL:94.0;B:127.9; EI:88.9;B:105.2; EI:101.4;B:116.2; EIL:73.4;B:92.2;
C:91.8;EME:8.97 C:1634.0;EME:15.0 | C:1397.2;EME:15.6 C:1785.0;EME:16.1 C:1253.0;EME:12.1
FCCE 1-D HS 2-D HS 1-D HS 2-D HS

(k1 =2,k2 =3) (k1 =2,ka =3) (k1 =3,k2=9) (k1 =3,k2=9)

SFE:16.3; AG:8.2;
EIL:73.4; B:100.8;
C:1055.1; EME:19.5

SF:14.3; AG:6.0;
EI:61.4; B:86.8;
C:607.1; EME:11.5

SF:17.1; AG:7.1;
EIL:72.6; B:70.5;

C:850.0; EME:18.3

SF:20.8; AG:8.8;
EI:90.4;B:128.9;

C:1430.4; EME:13.1;

SE:25.7; AG:10.5;
EI:107.0;B:101.5;
C:1908.0; EME:20.1

Table 5

Comparative analysis on image enhancement by different methods for gray-level “Elaine” image.

Input image

1-D HE

PCCE

SECEDCT

5 I

w

A

SF:11.3;AG:4.4;
El:43.1;B:135.4;
C:639.1;EME:6.9

SF:18.8;AG:7.0;
EI:68.5;B:127.6;
C:1676.0;EME:13.2

SF:14.3;AG:5.5;
El:55.6;B:127.0;
C:1160.1;EME:11.5

SF:17.9;AG:6.6;
El:63.6;B:157.5;
C:1210.3;EME:10.6

SF:10.9;AG:4.5;
EI:51.6;B:123.5;
C:1011.3;EME:7.6

FCCE

1-D HS

2-D HS
(k1 =2,ko = 3)

1-D HS
(k1 =3,k2 =9)

2-D HS

L

AN
£

-

SF:12.6; AG:4.7;
El:53.3;B:152.5;
C:1022.4;EME:7.3

SF:18.2; AG:6.7;
EI:64.3;B:163.5;
C:1224.4;EME:9.9

SF:18.1; AG:6.5;
El:62.9;B:173.7;
C:1166.0;EME:9.5

SF:18.7; AG:6.9;
EL:67.9;B:137.5;

C:1585.4;EME:12.9

C:1579.3;EME:12.4

SF:19.3; AG:7.1;
EI:69.0;B:149.5;

ment. After that, inverse transform is employed to get the en-
hanced color image. A public color image database, which avail-
able on [41] are used for testing. The color images in this database
are widely employed in image enhancement applications [24,40].
Table 6 lists the enhanced results by different methods for the
“House” image. From this table, we can find that, 1-D HS and 2-D

HS with [k; =2, k, =5] and [k = 3, k; = 9], the enhanced image
show more details than 1-D HE, PCCE, 2-D HE, SECEDCT and FCCE,
i.e.,, the texture of the “wall” and the “small tree” in the front of
house. Moreover, it is undeniable that the users can proportionally
tune the brightness and contrast of enhanced image in 1-D HS and
2-D HS according to their visual preference. Table 7 lists various
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Table 6

Comparative analysis on image enhancement by different methods for gray-level “House” image.

Input image 1-D HE

PCCE

SECEDCT

\!

\

SF:33.7;AG:11.2;

SF:32.4;AG:10.3; SF:33.5;AG:7.3;

K Ea) e ﬁ

itk i

SF:18.7;AG:6.0; SF:21.9;AG:6.9;

EI:57.6;B:107.6; EI:107.0;B:116.8; EI:66.4;B:74.3; EI:98.1;B:93.4; EI:57.1;B:103.4;
C:659; EME:10.2 C:1742; EME:17.7 C:912; EME:15.8 C:1667; EME:20.7 C:1543; EME:12.7
FCCE 1-D HS 2-D HS 1-D HS 2-D HS

(k1 = 2,k2 = 3) (k1 = 2,k = 3) (k1 =3,ka=9) (k1 =3,k2 =9)

< S

SF:32.1;AG:10.4;
EI:63;B:110.1;
C:1073; EME:15.7

SF:34.1;AG:11.4;
EI:109;B:125.1;
C:1751; EME:18.7

SF:34.1;AG:11.2;
EI:107.9;B:133.0;
C:1685; EME:17.8

SF:35.5;AG:11.5;
EI:110.4;B:114.9;
C:1863; EME:19.4

SF:35.6;AG:11.5;
EI:109.8;B:105.8;
C:1922; EME:20.2

enhanced results on the Flower” image by 1-D HS, 2-D HS with dif-
ferent value of k; and k; . It can be seen that, with the increments
of k; and k,, the brightness and contrast of output image are en-
hanced. If the users want to find more information in the whole
image, they can increase the two parameters simultaneously and
vice versa. For example, when [k; =2,k, =3] or [k; =3, ky, = 3]
are selected, the “flower” and the background are highlighted in
the enhanced image. On the contrary, if the users hold the parame-
ter k; and only increase parameter k,, the texture on the surface of
“flower” is enhanced (such as [k; =1,k, =9] or [k =2, k; =9]).

3.4.3. Average performance of the proposed algorithm

In order to verify the average performance of the proposed
methods, a public database includes 27 images and provided by
NASA [42] (illustrated in Table. 8) are used for testing. The pa-
rameters k; and k, in both 1-D HS and 2-D HS are also shown in
Table 8. Table 9 lists the average performance of six IQAs on NASA
database. It can be seen that, the proposed 2-D HS and 1-D HS
perform better than other methods with respect to six IQAs. 2-D
HS still has better performance than 1-D HS since 2-D HS intro-
duces the contextual information around each pixel in the process
of enhancement.

3.5. Parameter selection

The parameter w in 2-D HS has been discussed in Section 2,
there have two parameters k; and k; in 1-D and 2-D HS. Although
these two parameters exactly offer users a way to freely tune the
brightness and contrast of enhanced image. Without loss of gen-
erality, in this section, we provide the discussions on optimize and
automatic estimation of these two parameters in some non-manual
intervention applications.

Although in contrast enhancement technique, the enhanced im-
age is supposed to has better contrast than input image, in our
experiments, the largest contrast value not always reflects the
best visual pleasing results (e.g., as shown in Figs. 2-4). There-
fore, we consider that utilize the EME value, which reflects the de-
gree of enhancement, to assessment enhanced results. As shown
in Table 1, for the “Pollen” image, with the increment of k; values,

the EME values decreased. And the enhanced image with largest
EME value has the most acceptable result. We can also find the
same results from Tables 2 to 3, the enhanced image with largest
EME value has the most visual pleasing. Thus, in parameters se-
lection, we suggest to select k; and k, that correspond to high-
est EME value, e.g., [k; =5, k, = 7] as the optimize parameters for
the “Pollen” image. Furthermore, as we have discussed above, the
parameter k; tunes the brightness of enhanced image. The higher
value kq is, the brighter output image is achieved. Usually, we can
adjust the parameter k; to make the brightness of enhanced image
close to an accepted perceptual quality value or the median bright-
ness. For example, in the application of gray-level image enhance-
ment, ky ~2 can be chosen if the brightness of the input image is
64. Moreover, in some real world applications such as surveillance,
TV, mobile phone and other consumer electronics, the optimal se-
lection of k; can be determined by the environment brightness
which can be obtained by brightness sensor or camera in those
equipment. We can turn down k; to make the enhanced image
dark if the consumer electronics are under a bright environment
and vice versa. Parameter k, tunes the contrast of enhanced im-
age. The larger value of k; is, the higher contrast in output image
can be achieved. Ideally, for a gray image, when a suitable k; is
chosen to make the brightness of enhanced image close to 128,
and the parameter k, tends to infinity, the corresponding Gaus-
sian distribution will becomes a uniform distribution. This means
that, under the above situation, the proposed 1-D HS and 2-D HS
are equal to 2-D HE and 2-D HE respectively. Its worth to note
that, the highest contrast or highest brightness of enhanced im-
age is not the acceptable perceptual quality for users. However, in
our proposed methods, users can own the chance to have prefer-
ence brightness and contrast of enhance image only by adjusting
the two parameters k; and k.

4. Conclusion

In this paper, two brightness and contrast controllable his-
togram specification algorithms for image enhancement are pro-
posed. The main contribution of this paper relies on the follow-
ing aspects: (1) the proposed algorithms can tune the brightness
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Input image

1-D HE

PCCE

2D HE
B .

SECEDCT

N

(k1 =1,ko =3)

(k1 =1,ka=7)

(k1 =1,k2 =9)

SF:7.2; AG:2.8; SF:14.8; AG:5.4; SF:9.7; AG:3.6; SF:16.1; AG:5.7; SF:15.4;AG:4.4; SF:16.3;AG:4.2;
EI:29.1;B:81.6; EI:55.8;B:116.2; EI:37.7;B:75.1; EI:58.2;B:116.8; EI:37.5;B:125.1; EI:37.9;B:133.0;
C:624; EME:8.2 C:1688; EME:11.6 C:843; EME:11.7 C:1944; EME:13.8 C:1068; EME:11.4 C:1143; EME:12.8
1-D HS 1-D HS 1-D HS 1-D HS 1-D HS 1-D HS
(k1 =1,k =5) (k1 =2,ka = 3)

(k1 =2,k2 =5)

vor
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EI:57.0;B:80.9; EI:58.9;B:77.1; EI:59.5;B:75.7; EI:59.7;B:75.1; EI:50.9;B:141.4; EI:59.6;B:104.8;
C:1595; EME:15.9 C:1710; EME:16.6 C:1745; EME:16.7 C:1758; EME:16.7 C:1551; EME:9.3 C:1879; EME:14.5
1-D HS 1-D HS 1-D HS 1-D HS 1-D HS 1-D HS
(k1 =2,ka=7) (k1 =2,k =9) (k1 =3,k =3) (k1 =3,k2 =5) (k1 =3,ka=7) (k1 =3,ka=9)
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2-D HS 2-D HS 2-D HS 2-D HS 2-D HS 2-D HS
(k1 =1,k2 = 3) (k1 =1,k2 =5) (k1 =1,k2 =7) (k1 =1,k2 =9) (k1 =2,k2 = 3) (k1 =2,ka =5)
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C:1840; EME:15.2

SF:16.9;AG:5.8;
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C:1989; EME:15.6

SF:17.2; AG:5.9;
EI:60.7;B:101.7;
C:2036; EME:15.7

SF:17.6; AG:5.9;
EI:60.9;B:101.2;
C:2049; EME:15.7

SF:11.9; AG:4.5;
EI:47.5;B:159.6;
C:1451; EME:8.5

SF:15.6; AG:5.5;
EI:57.4;B:128.9;
C:1969; EME:13.6

EI:59.8;B:116.2;
C:2066; EME:14.8

EI:60.5;B:110.1;
C:2079; EME:15.1

EI:37.3;B:186.9;
C:894; EME:5.4

EI:51.8;B:150.2;
C:1700; EME:10.7

EI:57.8;B:129.4;
C:2004; EME:13.6

2-D HS 2-D HS 2-D HS 2-D HS 2-D HS 2-D HS
(k1 =2,ka=7) (k1 =2,k =9) (k1 =3,k =3) (k1 = 3,k2 =5) (k1 =3,ka=17) (k1 =3,k =9)
- — - T j'; Tl — 7% -
. %7 | 3
‘ " {vls [ o
N £
SF:16.6; AG:5.8; SF:17.0; AG:5.9; SF:9.4; AG:3.5; SF:14.1; AG:4.9; SF:16.3; AG:5.6; SF:17.1; AG:5.8;

EI: 59.7;B:118.8;
C:2078; EME:14.7

and contrast of enhanced image by using two parameters. This en-
able the users obtaining their preferable brightness and contrast in
real-world applications. (2) It is easy to restrain brightness while
enhance contrast for power saving by using the proposed method.
(3) To the best of our knowledge, the proposed methods are the
first attempt to tune the brightness and contrast of enhanced im-
age using histogram based technologies. (4) The proposed 2-D HS
holds more detail information in the process of enhancement than
1-D histogram based methods since the contextual information is
utilized in 2-D histogram.

Experimental results show that, when the suitable parameters
are selected, the proposed methods have better performance than
some state of art histogram based image enhancement methods in
both perceptual quality and image quality assessments. Although
we proposed a principle on parameters selection to obtain the
most visual pleasing enhanced image, the selections are based on
contrast and EME measure of enhanced image, which is a time-
consuming process. In our future work, how to select the suitable
parameters, and how to select parameters automatically and effi-
ciently are the topics we mainly focused on.
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Table 8
NASA image database for enhancement
1-D HS
2-D HS
1-D HS
2-D HS
1-D HS
2-D HS
1-D HS
2-D HS
Table 9
Average of six IQAs by different methods on NASA database.
2-D HS 1-D HS 1-D HE 2-D HE PCCE SECEDCT FCCE
SF 15.46 16.20 13.51 11.62 6.29 7.31 10.22
AG 517 4.63 4.16 3.63 1.81 221 4.03
El 53.49 4591 40.30 35.59 18.65 36.22 38.13
Brightness 114.38 136.46 122.50 95.48 54.54 100.21 106.13
Contrast 1787.33 1375.83 1569.70 1407.20 595.45 1102.12 143411
EME 12.98 10.68 6.42 7.84 5.72 6.13 9.14
Acknowledgements [6] N. Zeng, H. Zhang, B. Song, Facial expression recognition via learning deep

This work was supported by the National Natural Science Foun-
dation of China (61572092), The Key Program of NSFC-Guangdong
Union Foundation (U1401252). The authors would like to thank the
anonymous referees for their valuable comments and suggestions.

References

[1] C. Ding, T. Li, M.L. Jordan, Convex and semi-nonnegative matrix factorizations,
IEEE Trans. Pattern Anal. Mach. Intell. 32 (1) (2009) 45-55.

[2] X. Luo, M. Zhou, Y. Xia, An efficient non-negative matrix-factorization-based
approach to collaborative filtering for recommender systems, IEEE Trans. Ind.
Inform. 10 (2) (2014) 1273-1284.

[3] X. Luo, M.C. Zhou, S. Li, A nonnegative latent factor model for large-scale
sparse matrices in recommender systems via alternating direction method,
IEEE Trans. Neural Netw. Learn. Syst. 27 (3) (2016) 579-592.

[4] X. Luo, J. Sun, Z. Wang, Symmetric and non-negative latent factor models for
undirected, high dimensional and sparse networks in industrial applications,
IEEE Trans. Ind. Inform. doi:10.1109/TI1.2017.2724769.

[5] L. Xin, M.C. Zhou, L. Shuai, Incorporation of efficient second-order solvers into
latent factor models for accurate prediction of missing qos data, IEEE Trans.
Cybern. doi:10.1109/TCYB.2017.2685521.

sparse autoencoders, Neurocomputing. 10.1016/j.neucom.2017.08.043.

[7] N. Zeng, Z. Wang, H. Zhang, Deep belief networks for quantitative analysis of
a gold immunochromatographic strip, Cogn. Comput. 8 (4) (2016) 684-692.

[8] N. Zeng, H. Zhang, Y. Li, Denoising and deblurring gold immunochromato-
graphic strip images via gradient projection algorithms, Neurocomputing 247
(2017) 16-172.

[9] E. Peli, Contrast in complex images, JOSA A (1990) 2032-2040.

[10] A. Saleem, A. Beghdadi, B. Boashash, A distortion-free contrast enhancement
technique based on a perceptual fusion scheme, Neurocomputing 226 (2017)
161-167.

[11] A. Rubel, V. Lukin, M. Uss, B. Vozel, O. Pogrebnyak, K. Egiazarian, Efficiency
of texture image enhancement by DCT-based filtering, Neurocomputing 175
(2016) 948-965.

[12] S. Agaian, K. Panetta, A. Grigoryan, Transform-based image enhancement al-
gorithms with performance measure, IEEE Trans. Image Process. 10 (3) (2001)
367-382.

[13] Y. Li, J. Hy, Y. Jia, Automatic SAR image enhancement based on nonsubsam-
pled contourlet transform and memetic algorithm, Neurocomputing 134 (2014)
70-78.

[14] R.C. Gonzalez, RE. Woods, Image enhancement in the spatial domain, in:
Digital Image Processing, 2nd ed., Prentice-Hall, Englewood Cliffs, NJ, 2002,
pp. 70-80.

[15] TK. Kim, J.K. Paik, B.S. Kang, Contrast enhancement system using spatially
adaptive histogram equalization with temporal filtering, IEEE Trans. Consum.
Electron. 44 (1) (1998) 82-87.

Neurocomputing (2017), https://doi.org/10.1016/j.neucom.2017.11.057

Please cite this article as: B. Xiao et al., Brightness and contrast controllable image enhancement based on histogram specification,



https://doi.org/10.13039/501100001809
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0001
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0001
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0001
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0001
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0002
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0002
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0002
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0002
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0003
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0003
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0003
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0003
https://doi.org/10.1109/TII.2017.2724769
https://doi.org/10.1109/TCYB.2017.2685521
https://doi.org/10.1016/j.neucom.2017.08.043
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0004
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0004
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0004
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0004
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0005
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0005
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0005
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0005
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0006
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0006
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0007
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0007
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0007
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0007
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0008
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0009
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0009
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0009
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0009
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0010
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0010
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0010
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0010
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0011
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0011
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0011
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0012
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0012
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0012
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0012
https://doi.org/10.1016/j.neucom.2017.11.057

JID: NEUCOM

[m5G;December 8, 2017;8:12]

12 B. Xiao et al./Neurocomputing 000 (2017) 1-12

[16] J.Y. Kim, L.S. Kim, S.H. Hwang, An advanced contrast enhancement using par-
tially overlapped sub-block histogram equalization, IEEE Trans. Circuits Syst.
Video Technol. 11 (4) (2001) 475-484.

[17] PH. Lee, Illumination compensation using oriented local histogram equaliza-
tion and its application to face recognition, IEEE Trans. Image Process. 21 (9)
(2012) 4280-4289.

[18] H. Zhu, Image contrast enhancement by constrained local histogram equaliza-
tion, Comput. Vis. Image Underst. 73 (2) (1999) 281-290.

[19] S.D. Chen, A. Ramli, Minimum mean brightness error bi-histogram equaliza-
tion in contrast enhancement, IEEE Trans. Consum. Electron. 49 (4) (2003)
1310-1319.

[20] D. Menotti, L. Najman, ]. Facon, A. deAraujo, Multi-histogram equalization
methods for contrast enhancement and brightness preserving, IEEE Trans. Con-
sum. Electron. 53 (3) (2007) 1186-1194.

[21] H. Chen, NAM isa, adaptive contrast enhancement methods with brightness
preserving, IEEE Trans. Consum. Electron. 56 (4) (2010) 2543-2551.

[22] H.Y. Chai, LK. Wee, M.S.M. Irna, Multiobjectives bihistogram equalization for
image contrast enhancement, Complexity 20 (2) (2014) 22-36.

[23] L. Chulwoo, L. Chul, K. Chang-Su, Contrast enhancement based on layered dif-
ference representation of 2-d histograms, IEEE Trans., Image Process. 22 (12)
(2013) 5372-5384.

[24] T. Celik, Two-dimensional histogram equalization and contrast enhancement,
Pattern Recogn. 45 (10) (2012) 3810-3824.

[25] J.P. Rolland, V. Vo, B. Bloss, Fast algorithms for histogram matching: application
to texture synthesis, J. Electron. Imaging 9 (1) (2000) 39-45.

[26] C.C. Sun, SJ. Ruan, M.C. Shie, TW. Pai, Dynamic contrast enhancement
based on histogram specification, IEEE Trans. Consum. Electron. 51 (4) (2005)
1300-1305.

[27] D. Coltuc, P. Bolon, J.M. Chassery, Exact histogram specification, IEEE Trans. Im-
age Process. 15 (5) (2006) 1143-1152.

[28] D. Sen, S.K. Pal, Automatic exact histogram specification for contrast enhance-
ment and visual system based quantitative evaluation, IEEE Trans. Image Pro-
cess. 20 (5) (2011) 1211-1220.

[29] M. Nikolova, Y.W. Wen, R. Chan, Exact histogram specification for digital im-
ages using a variational approach, Math. Imag. Vis. 46 (3) (2012) 1-17.

[30] PH. Lee, SW. Wu, Y.P. Hung, Illumination compensation using oriented local
histogram equalization and its application to face recognition, IEEE Trans. Im-
age Process. 21 (9) (2012) 4280-4289.

[31] H.D. Liu, M. Yang, Y. Gao, C. Cui, Local histogram specification for face recog-
nition under varying lighting conditions, Image Vis. Comput. 32 (5) (2014)
335-347.

[32] H. Liu, Fast local histogram specification, IEEE Trans. Circuits Syst. Video Tech-
nol. 24 (11) (2014) 1833-1843.

[33] S.W. Jung, Two-dimensional histogram specification using two-dimensional cu-
mulative distribution function, Electron. Lett. 50 (12) (2014) 872-874.

[34] H.W. Hao X., Multi-mode medical image fusion algorithm based on principal
component analysis, in: International Symposium on CNMT, 2009, pp. 1-4.

[35] Q. Zhao, H.E. Jianhua, Image fusion method based on average grads and
wavelet contrast, Comput. Eng. Appl. 48 (24) (2012) 165-168.

[36] A. Hill, S. Crozier, A. Mehnert, Edge intensity normalization as a bias field cor-
rection during balloon snake segmentation of breast MRI, conference, in: Pro-
ceedings of the Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, 2008, pp. 3040-3043.

[37] S.S. Agaian, B. Silver, K.A. Panetta, Transform coefficient histogram-based image
enhancement algorithms using contrast entropy, IEEE Trans. Image Process. 16
(3) (2007) 741-758.

[38] T. Celik, Spatial entropy-based global and local image contrast enhancement,
IEEE Trans. Image Process. 23 (12) (2014) 5298-5308, doi:10.1109/TIP.2014.
2364537.

[39] A. Parihar, O. Verma, C. Khanna, Fuzzy-contextual contrast enhancement, IEEE
Transactions on Image Process. 26 (4) (2017) 1810-1819, doi:10.1109/TIP.2017.
2665975.

[40] F. Durand, J. Kautz, S. Hasinoff, Fast local laplacian filters: Theory and applica-
tions, ACM Trans. Graph. 33 (5) (2014) 1935-1946.

[41] [Online]. Available: http://rOk.us/graphics/kodak/.

[42] [Online]. Available: https://dragon.larc.nasa.gov/retinex/pao/news/.

[43] C. Lee, C. Lee, Y.Y. Lee, C.S. Kim, Power-constrained contrast enhancement for
emissive displays based on histogram equalization, IEEE Transactions on Image
Process. 21 (1) (2012) 80-93.

Bin Xiao was born in 1982. He received his B.S. and
M.S. degrees in Electrical Engineering from Shaanxi Nor-
mal University, Xian, China in 2004 and 2007, received
his Ph. D. degree in computer science from Xidian Uni-
versity, XiAn, China. He is now working as an associate
professor at Chongqing University of Posts and Telecom-
munications, Chongging, China. His research interests in-
clude image processing, pattern recognition and digital
watermarking.

Han Tang was born in 1990. He is a postgraduate stu-
dent with the School of Computer Science and Technol-
ogy, Chongqing University of Posts and Telecommunica-
tions, Chongqing, China. His research interest is image
fusion

Yanjun Jiang was born in 1990. He is a postgraduate
with the School of Computer Science and Technology,
Chonggqing University of Posts and Telecommunications,
Chonggqing, China. His research interest is image enhance-
ment and image fusion.

Weisheng Li received his B.S. degree from School of Elec-
tronics and Mechanical Engineering at Xidian University,
Xian, China in July 1997. He received his M.S. degree and
Ph.D. degree from School of Electronics and Mechanical
Engineering and School of Computer Science and Tech-
nology at Xidian University in July 2000 and July 2004,
respectively. Currently he is a professor of Chongqing Uni-
versity of Posts and Telecommunications. His research fo-
cuses on intelligent information processing and pattern
recognition.

Guoyin Wang was born in 1970. He received the bach-
elors degree in computer software, the masters degree
in computer software, and the Ph.D. degree in computer
organization and architecture from Xian Jiaotong Univer-
sity, Xian, China, in 1992, 1994, and 1996, respectively.
He is the Vice President of International Rough Set So-
ciety (IRSS). He has delivered many invited talks at inter-
national and national conferences. Professor Wang is the
author of 8 books, the editor of dozens of proceedings of
international and national conferences, and has over 200
reviewed research publications. His research interests in-
clude rough set, granular computing, knowledge technol-
ogy, data mining, machine learning, neural network, soft
computing, cognitive computing, pattern recognition, etc.

Please cite this article as: B. Xiao et al., Brightness and contrast controllable image enhancement based on histogram specification,
Neurocomputing (2017), https://doi.org/10.1016/j.neucom.2017.11.057



http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0013
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0013
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0013
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0013
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0014
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0014
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0015
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0015
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0016
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0016
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0016
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0017
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0017
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0017
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0017
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0017
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0018
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0018
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0019
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0019
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0019
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0019
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0020
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0020
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0020
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0020
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0021
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0021
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0022
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0022
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0022
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0022
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0023
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0023
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0023
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0023
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0023
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0024
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0024
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0024
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0024
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0025
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0025
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0025
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0026
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0026
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0026
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0026
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0027
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0027
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0027
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0027
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0028
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0028
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0028
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0028
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0028
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0029
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0029
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0030
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0030
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0031
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0031
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0032
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0032
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0032
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0033
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0033
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0033
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0033
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0034
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0034
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0034
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0034
https://doi.org/10.1109/TIP.2014.2364537
https://doi.org/10.1109/TIP.2017.2665975
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0037
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0037
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0037
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0037
http://r0k.us/graphics/kodak/
https://dragon.larc.nasa.gov/retinex/pao/news/
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0043
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0043
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0043
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0043
http://refhub.elsevier.com/S0925-2312(17)31816-7/sbref0043
https://doi.org/10.1016/j.neucom.2017.11.057

	Brightness and contrast controllable image enhancement based on histogram specification
	1 Introduction
	2 Proposed algorithms
	2.1 1-D histogram specification (1-D HS)
	2.2 2-D histogram specification (2-D HS)
	2.3 The connection between 1D-HS and 2-D HS

	3 Experimental results and analysis
	3.1 Brightness enhancement
	3.2 Contrast enhancement
	3.3 Both brightness and contrast enhancement enhancement
	3.4 Compared with some existing methods
	3.4.1 Gray level image enhancement
	3.4.2 Color image enhancement
	3.4.3 Average performance of the proposed algorithm

	3.5 Parameter selection

	4 Conclusion
	 Acknowledgements
	 References




