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Existing enhancement methods tend to overlook the difference between image components of low-
frequency and high-frequency. However, image low-frequency portions contain smooth areas occupied
the majority of the image, while high-frequency components are sparser in the image. Meanwhile, the
different importance of image low-frequency and high-frequency components cannot be precisely and
effectively for image enhancement. Therefore, it is reasonable to deal with these components separately
when designing enhancement algorithms with image subspaces. In this paper, we propose a novel divide-
and-conquer strategy to decompose the observed image into four subspaces and enhance the images cor-
responding to each subspace individually. We employ the existing technique of gradient distribution
specification for these enhancements, which has displayed promising results for image naturalization.
We then reconstruct the full image using the weighted fusion of these four subspace images.
Experimental results demonstrate the effectiveness of the proposed strategy in both image naturalization
and details promotion.

� 2017 Elsevier Inc. All rights reserved.
1. Introduction and piecewise continuity of the reflection [14], and used Gamma
Image enhancement has been one impressive computational
photography technique in image processing and computer vision
[1–3]. It has been a fundamental tool for several applications,
including remote sensing [4,5], biomedicine [6,7], atmospheric
science [8,9] and video surveillance [10,11]. Many image enhance-
ment techniques have been successfully developed, and can be
mainly classified into the following categories:

1.1. Retinex-based algorithms

The Retinex theory assumes that color sensations strongly cor-
relate with reflectance, and the amount of visible light reaching
human eyes depends on the product of reflectance and illumina-
tion [12,13]. Retinex-based algorithms decompose an image into
the illumination and the reflectance, and simultaneously compute
the two components with different regularization constraints of
the illumination [3,14–16]. The center/surround Retinex algo-
rithms [17,18], such as single-scale Retinex, multi-scale Retinex
and multi-scale Retinex with color restoration, used Gaussian fil-
tering to estimate and remove the illumination, and improved
image contrast and color consistency. The Retinex algorithm based
on total variation adopted spatial smoothness of the illumination
correction to compute both the illumination and the reflectance
for further enhancement. A variational Bayesian Retinex approach
imposed Gibbs distributions as prior distributions of the reflec-
tance and the illumination, and employed gamma distributions
for model parameters [15]. It applied variational Bayes approxima-
tion to simultaneously estimate posterior distributions of the
reflectance, the illumination and hyperparameters. However, the
above mentioned methods based on the Retinex theory easily suf-
fer graying-out of uniform scenes and poorly perform in unnatural
images.

1.2. Unsharp maksing techniques

The unsharp masking algorithm has been effective in image
contrast and sharpness enhancement [19,20]. It focuses on using
edge-preserving filters to decompose an image into a base layer
and a detail layer, and processes the two parts respectively.
Edge-preserving multi-scale image decompositions were pre-
sented for detail manipulation, and it used an edge-preserving
smoothing operator under weighted least square framework for
multi-scale detail extraction [21]. Guided filtering performed as
an edge-preserving smoothing operator and displayed better
behavior on image edges preservation [22]. This method generated
the filtering output with the guidance of the input image or
another different image. High-dimensional filtering was presented
for filtering acceleration, and the resulting filter was capable of
approximating standard Gaussian, bilateral, and non-local means

http://crossmark.crossref.org/dialog/?doi=10.1016/j.jvcir.2017.02.018&domain=pdf
http://dx.doi.org/10.1016/j.jvcir.2017.02.018
mailto:dxh@xmu.edu.cn
http://dx.doi.org/10.1016/j.jvcir.2017.02.018
http://www.sciencedirect.com/science/journal/10473203
http://www.elsevier.com/locate/jvci


138 P. Zhuang et al. / J. Vis. Commun. Image R. 45 (2017) 137–146
filters [23]. These above unsharp masking algorithms favor in con-
trast and sharpness enhancement, but they fail in the tradeoff
between details and naturalness.

1.3. Histogram equalization

Histogram equalization has been widely-used for image con-
trast enhancement, and it suitably adjusts the histogram of an
image into a desired one. Exact histogram specification ensured
the histogram of the enhanced image to be the desired uniform
or brightness uniform one [24,25]. An automatic exact histogram
specification technique was proposed for global and local contrast
enhancement, which subjected image histogram to modification
process and maximized the measure of information increase and
ambiguity decrease [26]. A naturalness preserved enhancement
approach was presented for image naturalness preservation, which
measured the lightness-order error and used the bi-log transfor-
mation to balance details and naturalness [27]. The above men-
tioned methods are easily implemented but produce poor
performance on image naturalness preservation. Recently, a novel
algorithm based on gradient distribution specification (GDS)
achieved appealing results of image naturalness, which remapped
the distribution of an image to match the specified distribution
learned from natural-scene image datasets [28,7]. However, this
method fails in image details promotion.

It is found that existing enhancement methods tend to overlook
the difference between image low-frequency and high-frequency
components, and even the different importance of low-frequency
and high-frequency components cannot be effectively exploited
for image enhancement. Meanwhile, From Fig. 1, it is observed that
the gradient distributions of four subspace images are obviously
different from that of the original image, and the gradient distribu-
tions of different subspace images are also clearly different. There-
fore, we develop a novel method for image enhancement using
divide-and-conquer strategy. Firstly, a series of effective linear fil-
ters are designed to decompose the observed image into four sub-
spaces. Secondly, the enhancement result of each subspace image
is obtained by GDS, which is better for image naturalization.
Finally, the full image is reconstructed by the weighted fusion of
enhanced subspace images for details enhancement. Experimental
simulations demonstrate that the proposed method outperforms
Fig. 1. Gradient distributions of original and four subspaces images. (a) and (b): avera
images, respectively (original image U (black), subspace U1 ¼ h1 �U (green), subspace
where fhsg4s¼1 are defined in the Section 2.1, and the 10,000 images are from six natural-
legend, the reader is referred to the web version of this article.)
other state-of-the-art methods in both naturalization and details
promotion.

The paper is organized as follows: Section 2 describes the
implementation of the proposed framework in detail. Experimen-
tal results are provided in Section 3 to validate the effectiveness
of the proposed framework, and finally the conclusion and discus-
sion of the paper is presented in Section 4.

2. Proposed framework

In this paper, we propose a divide-and-conquer strategy for
image enhancement using subspace decomposition. We first
decompose the observed image into several subspaces using linear
filters, which exclusively extract either low-frequency and high-
frequency information from the entire image. Then, we perform
the operation of image naturalization on each of these subspace
images using the method of gradient distribution specification
[28]. Finally, we reconstruct the final image by fusing these sub-
space images with different balancing weights. It is demonstrated
that image high-frequency information can be estimated more
accurately under the proposed framework, which results in a more
finely structured enhancement for better visual quality.

2.1. Subspace decomposition

For the desired image U 2 R
ffiffiffi
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p
, the most direct way of image

enhancement is to apply a function f to the observed image

I 2 R
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p
, i.e. U ¼ f ðIÞ. The function f can be determined by one

strategy of Retinex-based algorithms, unsharpmasking techniques,
and histogram equalization. Different from existing enhancement
algorithms, we seek to independently enhance different frequency
views of U, called subspaces, followed by their fusion.

It is started by discussing how to find these subspaces. Let hs be
a predefined convolutional filter. Convolving U with hs, the s-th

subspace image Us 2 R
ffiffiffi
N

p
�

ffiffiffi
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p
is derived:

Us ¼ U� hs ð1Þ
Four convolution filters are considered based on their simplicity
and effectiveness. For example, using the high frequency filters
h3 ¼ ½�1;1� and h4 ¼ ½�1;1�T , we obtain the subspace images U3
ge horizontal and vertical gradient distributions of 10,000 images for five kinds of
U2 ¼ h2 � U (blue), subspace U3 ¼ h3 �U (red) and subspace U4 ¼ h4 � U (purple);
scene datasets in Table 1). (For interpretation of the references to color in this figure
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and U4 that contain the high-frequency components of U. � is the
2D convolution operator, and the superscript notation T is the trans-
pose operator. We define h1 and h2 to ensure that U is uniquely

definable in terms of U1;U2;U3 and U4. Let H3 2 C
ffiffiffi
N

p
�

ffiffiffi
N

p
and

H4 2 C
ffiffiffi
N

p
�

ffiffiffi
N

p
be the Fourier transform of h3 and h4, respectively.

Then the corresponding frequency responses of low-frequency fil-
ters are written below:

H1 ¼ 1�H3;H2 ¼ 1�H4 ð2Þ
where 1 2 C

ffiffiffi
N

p
�

ffiffiffi
N

p
is a matrix in which every element is equal to

one. As a result, the above four filters are complete to ensure no
information lost of the entire image during this decomposition.
Based on the definition of complete filters and similar to Eq. (1),

we derive the s-th observed subspace image Is 2 R
ffiffiffi
N

p
�

ffiffiffi
N

p
from the

observed image I as

Is ¼ I� hs ð3Þ
It is noted that the observed subspace images Isf g4s¼1can be obtained

directly using the complete filters hsf g4s¼1 to convolve the observed
image I respectively.

2.2. Subspace enhancement

After obtaining the observed subspace image Is by convolving I
with the filter hs, we enhance the subspace image Is independently.
Based on image subspace decomposition with four filters, we treat
this as four separate enhancement problems for which any
enhancement algorithm can be applicable.
Table 1
Natural-scene image datasets: sources and sizes.

Dataset a1 b2 c3 d4 e5 f6

Images 1005 5063 432 804 11,788 8189

1 http://www.vision.ee.ethz.ch/showroom/zubud/.
2 http://www.robots.ox.ac.uk/vgg/data/oxbuildings/.
3 http://www.comp.leeds.ac.uk/scs6jwks/dataset/leedsbutterfly/.
4 http://lear.inrialpes.fr/jegou/data.php.
5 http://www.vision.caltech.edu/visipedia/CUB-200.html.
6 http://www.robots.ox.ac.uk/vgg/data/flowers/102/index.html.

Table 2
Parameter selection of Tpr

1 and Tpr
2 .

U1 U2 U3 U4

Tpr
1

0.5348 0.3352 0.8887 0.6447

Tpr
2

0.5361 0.3374 0.8832 0.6339

Fig. 2. Overview of p
It is well-known that image enhancement with linear remap-
ping amounts to a simple scaling of pixel intensities for standard
histogram equalization, and the linear approximation accelerates
the enhancement process and simplifies the algorithm. Therefore,
we use the method of gradient distribution specification [28,7] to
naturalize each observed subspace image separately, and recon-
struct the enhanced subspace image Us from linear remapping
approximation:

Us ¼ NsIs ð4Þ
and the naturalness factor Ns is calculated by

Ns ¼ ð1� hÞ T
s
1

Tpr
1

þ h
Ts
2

Tpr
2

ð5Þ

where h 2 ½0;1� is a balancing weight. Since the parameters of T1

and T2 for cumulative distribution functions of the observed image
I are explicitly computed for any given image according to [28,7].
Specifically, for approximating the cumulative distribution func-
tions (CDF) of image gradient, the model with the parameter T1 is
proposed as

~CðGÞ ¼ atanðT1G
xÞ

p
þ 1
2

� �
atanðT1G

yÞ
p

þ 1
2

� �
ð6Þ

for approximating the Laplace CDF, the model with the parameter
T2 is proposed as

~LðtÞ ¼ atanðT2tÞ
p

þ 1
2

ð7Þ

where G x ¼ Iðxþ 1; yÞ � Iðx; yÞ;G y ¼ Iðx; yþ 1Þ � Iðx; yÞ, and ðx; yÞ is
image pixel coordinate. Lðx; yÞ ¼ DIðx; yÞ, and D is the Laplace oper-
ator based on the second-order difference. The atan function is cho-
sen based on the motivation of the Student-T or Cauchy
distribution. Thus the subspace parameters Ts

1 and Ts
2 can be calcu-

lated from the observed subspace image Is. Furthermore, Tpr
1 and Tpr

2

can be learned from six datasets of natural-scene images, which are
specifically shown in Table 1. Table 2 shows the respective param-
eters Tpr

1 and Tpr
2 of four subspace images, which are obtained by

averaging the values over six datasets of corresponding natural-
scene subspace images.

2.3. Weighted subspace fusion

Once the enhanced subspace images Usf g4s¼1 are obtained, we
necessarily take both the difference of subspace images and the
different importance of subspace images into consideration, and
effectively reconstruct the final image by the weighted fusion of
roposed method.

http://www.vision.ee.ethz.ch/showroom/zubud/
http://www.robots.ox.ac.uk/vgg/data/oxbuildings/
http://www.comp.leeds.ac.uk/scs6jwks/dataset/leedsbutterfly/
http://lear.inrialpes.fr/jegou/data.php
http://www.vision.caltech.edu/visipedia/CUB-200.html
http://www.robots.ox.ac.uk/vgg/data/flowers/102/index.html


Fig. 3. The variation of w1 and w2 for enhancement effect.

Fig. 4. The variation of w3 and w4 for enhancement effect.
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these enhanced subspace images. The final solution U can be ana-
lytically computed:

U ¼
X4
s¼1

wsUs ð8Þ

where fwsg4s¼1 are the balancing weights differently adopted for dif-
ferent subspace images enhancement, and these weights have cer-
tain universality to be fixed for all test images.

The overview of the proposed method is shown in Fig. 2. The
three main steps of the proposed method are sketched in
Algorithm 1.
Algorithm 1. Outline of proposed method

Input: Observed image I, complete filters fhsg4s¼1, balancing

weights fwsg4s¼1

Step 1: Generate observed subspaces Isf g4s¼1via Eq. (3);

Step 2: Obtain enhanced subspaces Usf g4s¼1 via Eq. (4);
Step 3: Solve for U via Eq. (8).

Output: Final image U



Fig. 5. Comparison of different enhancement methods on Flower image. (a) original, (b) AM [23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28], and (h)
proposed.

P. Zhuang et al. / J. Vis. Commun. Image R. 45 (2017) 137–146 141
3. Experimental validation

In this section, we perform numerous experiments to demon-
strate the effectiveness of the proposed strategy in image natural-
ness enhancement and details promotion. All experiments are
conducted in Matlab 2012a on a SAMA computer with Intel CPU
Fig. 6. Comparison of different enhancement methods on Beauty image. (a) original, (b
proposed.
E3-1230 v3 processor (3.3 GHz) and 16 GB RAM. Each channel of
color image is respectively processed by our method. The default
setting of the parameter h is 0.5 according to [28]. The enhance-
ment effect with the variation of different weights is illustrated
in Figs. 3 and 4. The balancing weightsw1 andw2 reflect the impor-
tance of low-frequency subspaces U1 and U2 for the reconstruction
) AM [23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28], and (h)
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of the full image U, while w3 and w4 are the weights to embody the
importance of high-frequency subspaces U3 and U4. Therefore, the
weights of low-frequency and high-frequency subspaces should be
analyzed and set separately. Fig. 3 shows the enhancement results
of the variation of w1 and w2 when both w3 and w4 are fixed to 1.5.
It is seen that the brightness of the whole image becomes stronger
with the increase of w1 and w2, and their extreme values (large or
small) lead to the results of excessive brightness or excessive
darkness. Therefore, we select the weight values w1 ¼ w2 ¼ 0:5
to be more suitable for image naturalization. Fig. 4 shows the vari-
ation of w3 and w4 for enhancement effect when both w1 and w2

are set to 0.5. It is observed that the details of the entire image
becomes clearer and sharper as w3 and w4 increase, but the exces-
sive enhancement result for image naturalness are generated by
the weight extremum (e.g., 2.5). Therefore, we set the values of
the weights w3 and w4 in the range of [1.5,2] for image details
enhancement. We compare the proposed method against other
Fig. 7. Comparison of different enhancement methods on Sandstorm image. (a) original
proposed.

Fig. 8. Comparison of different enhancement methods on Osteosarcoma Cells image. (a)
and (h) proposed.
state-of-the-art enhancement methods: Adaptive Manifolds (AM)
[23], Domain Transform (DT) [29], Guided Filter (GF) [22], L0 Norm
(L0) [30], Weighted Least Square (WLS) [21] and Gradient Distribu-
tion Specification (GDS) [28]. In the competing methods, the
default parameter settings are used as described in the authors’
papers [21–23,28–30]. For the enhancement of low illumination
images, the pre-processing of Gamma correction [3] is adopted
on the observed image I, and then all test methods are conducted
on the corrected image. W and c are empirically set 255 and 1.5,
respectively.

3.1. Nature-scene and microscopy enhancement comparison

Fig. 5 shows the comparison results of different enhancement
methods on image Flower, and it is clearly observed that AM
[23], DT [29], GF [22], L0 [30] and WLS [21] (Fig. 5(b)–(f)) pro-
duce the enhanced results that lose image naturalness, especially
, (b) AM [23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28], and (h)

original, (b) AM [23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28],



Fig. 9. Comparison of different enhancement methods on Night image. (a) original, (b) AM [23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28], and (h)
proposed.
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AM [23] has serious artifacts around edges of petals and green
leaves. GDS [28] (Fig. 5(g)) generates pleasing naturalization
results but over-smoothes image details. However, the proposed
method (Fig. 5(h)) achieves better results of naturalization and
detail promotion than other methods. Some examples of poor
visual quality images Beauty and Sandstorm are shown in Figs. 6
and 7 along with their enhancement results from the above
mentioned enhancement algorithms. In the enhancement results
of AM [23], GF [22] and L0 [30], serious artifacts are obviously
produced around edges of beauty’s hairs and face, woman’s scarf
and sweater. WLS [21] achieves clear details but with natural-
ness loss, DT [29] works less enhancement in image Sandstorm,
and GDS [28] obtains better naturalness enhancement but fails
in details promotion. In all case, it is seen that the proposed
method yields more visually pleasing naturalness and clearer
details than other enhancement methods, which validates the
effectiveness of the proposed framework. In addition,
Fig. 10. Comparison of different enhancement methods on Lux image. (a) original, (b) AM
natural-scene gradient distribution prior (GDS) [28,7] is typically
applied for the enhancement of microscopy images. For the fair
comparison, we perform relevant enhancement experiments on
microscopy image. The results of five enhancement methods
(Fig. 8(b)–(f)) are the same as above mentioned. Fig. 8(h) and
(g) are the enhanced results of the proposed method and GDS
[28] on Osteosarcoma Cells image. It is obviously noted that
the proposed method provides better enhancement results of
naturalness and details than GDS [28] that emphasizes natural-
ness with over-smoothed details. It is demonstrated that the
proposed framework can be effectively applied for microscopy
images enhancement.

3.2. Low-illumination enhancement comparison

We perform the preprocessing of Gamma correction [3] to
lighten the original image, and then conduct all enhancement
[23], (c) DT [29], (d) GF [22], (e) L0 [30], (f) WLS [21], (g) GDS [28], and (h) proposed.
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methods on the corrected image. The enhancement results of
different methods on Night and Lux images are shown in
Figs. 9 and 10 respectively. We see from Fig. 9 that the results
of AM [23] have serious artifacts, the results of GF [22]
produce color distortion, the results obtained by DT [29] and
WLS [21] introduce some noises and artifacts. L0 [30] obtains
the enhancement without naturalization, and GDS [28]
achieves image naturalization with details loss. However,
the proposed method yields better enhancement of both
naturalness and details (e.g., color and structures of Chinese
characters, boy and bulletin board) than other state-of-the-art
methods. From Fig. 10, it is seen that the results of color
distortion are in DT [29], GF [22], L0 [30], WLS [21], serious
artifacts are generated in AM [23] and WLS [21], and image
details are not well enhanced in GDS [28]. However, the
proposed method outperforms other methods in both natural-
ization and detail enhancement.
Fig. 11. The results of different enhancement methods in different noise levels. From
respectively. Different rows denote different noise levels, and standard deviations of Ga
zoomed in on screen.

Table 3
Average scores of user study.

AM [23] DT [29] GF [22]

Flower 2.55 2.86 2.61
Beauty 2.58 3.21 2.76
Sandstorm 3.09 3.60 2.77
Osteosarcoma cells 3.32 3.63 3.36
Night 2.70 3.75 3.77
Lux 2.92 3.26 3.58

Average 2.86 3.38 3.14
3.3. User study

In order to provide realistic feedback of users and to quantify
subjective evaluation of the proposed method, we construct an
independent user study, and use the enhancement results of
real-world images tested in the previous section. For each test
image, we randomly order the results of the seven algorithms
and display them on a screen. 50 volunteers are separately partic-
ipated to score each image from 1 to 5 (1 denotes the worst and 5
represents the best). From these trails, average scores of user study
are shown in Table 3. This experiment offers additional support for
the effectiveness of our method in the qualitative evaluation.

3.4. Enhancement comparison with weak noise

We conduct comparison experiments of different enhance-
ment methods in different noise levels. We compare the
left to right: (a) original, (b) GF [22], (c) AM [23] (d) GDS [28], and (e) proposed,
ussian noise from row 1 to row 5 are 0.25, 0.51, 0.76, 1.02, 1.27, respectively. Best

L0 [30] WLS [21] GDS [28] Proposed

3.90 3.14 3.71 4.07
2.85 2.88 3.66 3.85
3.29 2.93 3.50 3.67
3.01 3.17 3.19 3.73
3.68 3.56 3.13 3.78
4.06 2.62 3.04 4.16

3.46 3.05 3.37 3.87
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proposed method against GF [22], AM [23] and GDS [28]. From
Fig. 11, it is seen that the enhancement results of GF [22] and
AM [23] are over-enhanced with naturalness loss, and some seri-
ous artifacts are generated round leaves’ edges in AM [23]. The
Fig. 12. Sharpening comparison of different enhancement methods. From left to right: (a
respectively. Best zoomed in on screen.
results of image naturalness are obtained by GDS [28] that incor-
porates natural images priors, but it places emphasis on image
naturalization and fails in details enhancement. However, the
proposed method obtains better naturalness and details
) original, (b) GDS [28], (c) GDS with sharpening post-processing, and (d) proposed,
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enhancements than other methods. It is observed that the pro-
posed method always maintains the advantages of image natural-
ization and details promotion in different noise levels, and it is
reflected that the proposed method has certain robustness to noise.

3.5. Sharpening comparison

Image sharpening has been one useful processing technology
since it brings out image details and makes edges sharper. We
compare the proposed method against DGS [28] and DGS with
sharpening post-processing in terms of details enhancement. In
the experiment, we set both w3 and w4 to 2, and use the Matlab
function ‘‘imsharpen” to deal with the enhanced results of GDS
[28]. Fig. 12 shows the comparison results of the proposed method
against GDS [28] and GDS with sharpening post-processing, and it
is clearly seen that the proposed method performs better details
enhancement (e.g., petal’s textures, beauty’s hairs and woman’s
sweater) than GDS [28] and GDS with sharpening post-
processing. It is demonstrated that the effectiveness of the pro-
posed framework in image details promotion.

4. Conclusion and discussion

We propose a divide-and-conquer strategy for image natural-
ness and details enhancements. In the proposed framework, we
design effective filters to fulfill image subspace decomposition,
employ GDS to enhance each subspace image for naturalness
enhancement, and obtain the final image by fusing enhanced sub-
space images with different weights for details promotion.

We observe that the proposed framework can be more
generally extended to other enhancement methods, and
differently-designed filters can be easily and effectively used for
image decomposition. For the limitation of the proposed method,
the time consumptions of GF [22], AM [23], GDS [28] and proposed
on image Flower with the size 533� 800 are 0.53, 1.42, 0.85, 4.66 s,
respectively. Four subspaces enhancement in the proposed
framework needs higher computational costs, however, the
parallel computation [31,32] by the GPU hardware can be
exploited to reduce the computation time of these subspaces
enhancement. These works will be explored in the near future.
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