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A B S T R A C T

To improve the quality of scanned image captured by cameras, we propose a novel and efficient
method for image processing by using color-correction and 𝐿0 gradient minimization. Our
method is divided into two steps. To derive a colorimetric mapping between digital RGB signals
and real image values, we use a polynomial model by considering the interrelations among
the standard color spaces. A 𝐿0 gradient minimization is used to remove the image noises.
Based on the half-quadratic splitting method, an iterative algorithm for our proposed method is
developed. The iterative algorithm is easy to implement with the optimal complexity 𝑂(𝑁𝑙𝑜𝑔𝑁).
Our method is particularly beneficial to correct image color and remove image noises. Various
tests are presented to demonstrate the robustness and efficiency of our method.

. Introduction

Images are scanned by the camera into computers for secondary processing and archiving [1–3]. When the equipment starts
o work, the reflected light passes through the lens into the scan camera, which can perform optical–electrical conversion. After
canning with the camera and comparing with the image acquisition card, the image information is transferred to the computer
or processing and analysis. However, the quality of the obtained image is affected by many factors during the scanning process,
uch as the light intensity and the optical resolution of the scanner. These factors will change the image tone and bring new noise.
ig. 1(a) and (b) show the exact image and scanned digital image, respectively. As can be seen, there is a deviation between the
canned image and the exact image due to the unsatisfactory external environment. To improve the quality of scanned images, we
ims to develop a novel post-processing method by combining a color correction part and a noise removal part. With the color
orrected method, the image is corrected as shown in Fig. 1(c). With the noised removal method, the quality of the scanned image
s improved as shown in Fig. 1(d).

Generally, the digital camera is firstly used to scan the standard colorimetric card. Then by comparing the values of pixels in
he standard colorimetric card and the scanned image, a color transforming map can be established to transform the scanned image
o its exact one. Many color correction methods have been developed. Hung [4] proposed a look-up-table model with tetrahedral
nterpolation techniques to calibrate the pixel color for the electronic imaging devices. This model used a matrix of color patches and
eveloped the interpolations on the assumption of smoothness. Mendes et al. [5] used an adaptive polynomial regression and genetic
lgorithm, which combined a weighted least square approach indirectly and used for the automatic visual inspection. Hardeberg
t al. [6,7] introduced a preprocess of polynomial regression in which a cubic root of RGB values is used. This method applied a
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Fig. 1. (a) Exact image. (b) Scanned image by using the line scanning camera. (c) The color corrected image. (d) The noises removal image. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

non-linear correction directly to CIELAB space and obtained high quality digital color images. Andersen et al. [8] matched digital
RGBs to CIEXYZs in each hue slice of color space with different polynomial transformations. Rizzi et al. [9] proposed an heuristic
algorithm, which aimed to model a simplified version of the inner complex behavior of the human visual system and corrected
the images tone. Mantiuk et al. [10] analyzed the color reproduction properties in the tone mapping by extending local and global
tone mapping operators. Iqbal et al. [11] proposed a low-light image enhancement technique that simultaneously preserves contrast
and removes color saturation from an input image. Zibulevsky et al. [12] used 𝐿1 and 𝐿2 norm to solve optimization problem for
image denoising. Gu et al. [13] proposed a weighted nuclear norm minimization algorithm for image denoising and demonstrated
the great potentials in low level vision applications. Abascal et al. [14] proposed a novel sparse and prior-based algorithm for 3D
image denoising, with the additional benefit of being computationally efficient for application to experimental clinical images. Wang
et al. [15] used a modified Allen–Cahn equation for smoothing piecewise linear shapes of two-dimensional and three-dimensional
objects. Wang et al. [16] proposed an improved filter for color image denoising based on combining the advantages of non-local
means filter and bilateral filter.

In this paper, we will propose a novel and efficient method to solve the post-processing problem for the scanned images. The
whole system can be divided into two steps. For the first step, we establish a polynomial regression model to correct the original
tone of the scanned image. Euclidean distance is used in CIELAB space to evaluate perceptual color differences. We consider the
transformation leading to unsatisfactory results between digital RGB values and the standard CIE values. Therefore, the polynomial
root terms extension is constructed in our proposed method to further improve the transformation accuracy. For the second step,
we use the 𝐿0 gradient minimization to sharpen prominent edges and reduce noises. This iterative method is simple and easy to
implement. Various numerical tests will be presented to demonstrate the robustness and efficiency of our method.

The rest of the paper is organized as follows. In Section 2, we will introduce the transformation between digital RGB space,
standard RGB space, CIEXYZ space and CIELab space. Then we describe the proposed color corrected method and 𝐿0-smoothing
method. Section 3 introduces our numerical solver for the 𝐿0 optimization problem. In Section 4, various experimental results are
given. Conclusion is drawn in Section 5.
2
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2. Methodology

2.1. Color correction of input images

In this section, we consider the polynomial interrelation among the standard CIE color spaces [17,18]. First, the corresponding
ristimulus value is defined as a three dimensional vector 𝐪 (𝐪 ∈ R3×1) and three dimensional digital response of devices is defined
s 𝝆(𝝆 ∈ R3×1). A simple linear color characterization transformation can be written as 𝐌 ⋅ 𝝆 = 𝐪. Vector 𝝆 can be extended to
𝑚 dimensions by increasing basis function in polynomial regression. We define 𝑃 (𝑃 ∈ R𝑚×𝑛, 𝑚 ≪ 𝑛) as a 𝑚 × 𝑛 matrix of vector
𝝆 and 𝑄 (𝑄 ∈ R3×𝑛) as the corresponding matrix of vector 𝐪. The mapping relationship between the camera response space and
the corresponding tristimulus value space can be represented by 𝑀 ⋅ 𝑃 = 𝑄, where 𝑀 is the mapping matrix that depends on 𝑃
and 𝑄. Once the mapping 𝑀 is obtained, we can transform the scanned image to its real one. However the standard verify the
uality of corrected image [19] is to compute the difference between the real color value [𝐿1 𝑎1 𝑏1]𝑇 and the obtained color value
𝐿2 𝑎2 𝑏2]𝑇 in CIELAB space as:

𝛥𝐸𝑎𝑏 =
√

(𝐿1 − 𝐿2)2 + (𝑎1 − 𝑎2)2 + (𝑏1 − 𝑏2)2. (1)

If 𝛥𝐸𝑎𝑏 ∈ [0, 3], the quality of color characterization is very good. If 𝛥𝐸𝑎𝑏 ∈ (6, 10], its quality is sufficient. Otherwise, its quality
is insufficient. Our goal is to find the optimal mapping matrix 𝑀 keeping the 𝛥𝐸𝑎𝑏 be small. The three dimensional vector in (⋅)
spaces is defined by 𝜌(⋅). It is well known that there is a linear mapping from CIE 1931 Standard RGB Colorimetric System (RGB)
to the CIE 1931 Standard XYZ Colorimetric System(CIEXYZ) [20]:

𝝆𝐶𝐼𝐸𝑋𝑌𝑍 = 𝐴 ⋅ 𝝆𝑅𝐺𝐵 , (2)

where

𝐴 =
⎡

⎢

⎢

⎣

2.7689 1.7517 1.1302
1.0000 4.5907 0.0601
0.0000 0.0565 5.5943

⎤

⎥

⎥

⎦

.

The transformation relationship between CIEXYZ space (𝝆𝐶𝐼𝐸𝑋𝑌𝑍 = (𝑋, 𝑌 ,𝑍)) and CIE 1931 Standard Lab Colorimetric System
CIELab) (𝝆𝐶𝐼𝐸𝐿𝑎𝑏) is non-linear [6,7]:

𝝆𝐶𝐼𝐸𝐿𝑎𝑏 = 𝑁 ×
[

𝑓
(

𝑋
𝑋𝑛

)

, 𝑓
(

𝑌
𝑌𝑛

)

, 𝑓
(

𝑍
𝑍𝑛

)

]𝑇
+ 𝑉 (3)

here

𝑁 =
⎡

⎢

⎢

⎣

0 116 0
500 −500 0
0 200 −200

⎤

⎥

⎥

⎦

, 𝑉 =
⎡

⎢

⎢

⎣

−16
0
0

⎤

⎥

⎥

⎦

,
⎡

⎢

⎢

⎣

𝑋𝑛
𝑌𝑛
𝑍𝑛

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

96.42
100
82.49

⎤

⎥

⎥

⎦

(4)

nd

𝑓 (𝑎) =

⎧

⎪

⎨

⎪

⎩

𝑎
1
3 if 𝑎 ≥ 0.008856

7.787𝑎 + 16
116

otherwise.
(5)

We have to remark that 7.787𝑎 + 16∕116 ≈ 𝑎
1
3 , if 𝑎 ≤ 0.008856. Therefore, we simplify the piecewise function Eq. (5) to 𝑓 (𝑎) = 𝑎

1
3 .

Substituting Eq. (2) into Eq. (5), we have

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

𝑓
(

𝑋
𝑋𝑛

)

=
(

𝑋
𝑋𝑛

)
1
3

=
(

2.7689
𝑋𝑛

𝑅 + 1.7517
𝑋𝑛

𝐺 + 1.1302
𝑋𝑛

𝐵
)

1
3

𝑓
(

𝑌
𝑌𝑛

)

=
(

𝑌
𝑌𝑛

)
1
3

=
(

1.0000
𝑌𝑛

𝑅 + 4.5907
𝑌𝑛

𝐺 + 0.0601
𝑌𝑛

𝐵
)

1
3

𝑓
(

𝑍
𝑍𝑛

)

=
(

𝑍
𝑍𝑛

)
1
3

=
(

0.0000
𝑍𝑛

𝑅 + 0.0565
𝑍𝑛

𝐺 + 5.5943
𝑍𝑛

𝐵
)

1
3

. (6)

We assume that there exits a new vector [(𝑟∗)
1
3 , (𝑔∗)

1
3 , (𝑏∗)

1
3 ]𝑇 satisfies

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

(

𝑋
𝑋𝑛

)
1
3

(

𝑌
𝑌𝑛

)
1
3

(

𝑍
𝑍𝑛

)
1
3

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

(

2.7689
𝑋𝑛

)
1
3

(

1.7517
𝑋𝑛

)
1
3

(

1.1302
𝑋𝑛

)
1
3

(

1.0000
𝑌𝑛

)
1
3

(

4.5907
𝑌𝑛

)
1
3

(

0.0601
𝑌𝑛

)
1
3

0.0000
(

0.0565
𝑍𝑛

)
1
3

(

5.5943
𝑍𝑛

)
1
3

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

⋅

⎡

⎢

⎢

⎢

⎣

(𝑟∗)
1
3

(𝑔∗)
1
3

(𝑏∗)
1
3

⎤

⎥

⎥

⎥

⎦

, (7)

where the color characterization transformation can be assumed as

[(𝑟∗)
1
3 , (𝑔∗)

1
3 , (𝑏∗)

1
3 ]𝑇 = 𝑀̂ ⋅ 𝝆̂(𝑅

1
3 , 𝐺

1
3 , 𝐵

1
3 )𝑇 . (8)
3
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Here, 𝝆̂ is a polynomial regression and 𝑀̂ is a mapping matrix. Assume that there exists a 𝑀̌ which satisfies

𝝆̂(𝑅
1
3 , 𝐺

1
3 , 𝐵

1
3 ) = 𝑀̌ ⋅ 𝝆(𝑅

1
3 , 𝐺

1
3 , 𝐵

1
3 ). (9)

Let us use 𝑀 ∶= 𝑀̂ ⋅ 𝑀̌ and define

𝐴∗ ∶=

⎡

⎢

⎢

⎢

⎢

⎣

( 2.7689𝑋𝑛 )
1
3 ( 1.7517𝑋𝑛 )

1
3 ( 1.1309𝑋𝑛 )

1
3

( 1.0000𝑌 𝑛 )
1
3 ( 4.5907𝑌 𝑛 )

1
3 ( 0.0601𝑌 𝑛 )

1
3

( 0.0000𝑍𝑛 )
1
3 ( 0.0565𝑍𝑛 )

1
3 ( 5.5943𝑍𝑛 )

1
3

⎤

⎥

⎥

⎥

⎥

⎦

, (10)

hen combining Eqs. (6)–(10), we have

𝑆 = 𝑁 ⋅ 𝐴∗ ⋅𝑀 ⋅ 𝑃 + 𝑉 . (11)

ere 𝑆 and 𝑃 represent the corresponding matrix of vectors 𝝆𝐶𝐼𝐸𝐿𝑎𝑏 and 𝝆𝐶𝐼𝐸𝑅𝐺𝐵 , respectively. For the standard colorimetric card,
𝑆 is known. By solving Eq. (11) by using the digital RGB value and real image value, we have

𝑀 = (𝐴∗)−1 ⋅𝑁−1 ⋅ (𝑆 − 𝑉 ) ⋅ 𝑃 𝑇 ∕(𝑃 ⋅ 𝑃 𝑇 ). (12)

Once we obtain the mapping matrix 𝑀 , we can transform the scanned image to its real one as following steps:

• Step 1: Using Eqs. (11) and (12), we compute 𝑆, which is the corresponding matrix of vectors 𝝆𝐶𝐼𝐸𝐿𝑎𝑏.
• Step 2: Using Eq. (3), we calculate 𝝆𝐶𝐼𝐸𝑋𝑌𝑍 (𝑋, 𝑌 ,𝑍).
• Step 3: Using Eq. (2), we obtain the real image 𝝆𝑅𝐺𝐵(𝑅,𝐺,𝐵).

After these three steps, the tone and chromatic aberration of the scanned image can be improved. Next, we will deal with the extra
noise during the scanning process.

2.2. 𝐿0-smoothing with noise image

Beginning with 𝐼(𝐱) which is defined as the color corrected image (𝝆𝑅𝐺𝐵), we want to obtain the smoothing result 𝜙(𝐱). We
consider the following 𝐿0 gradient regularization version:

min
𝜙 ∫𝛺

‖(𝐼(𝐱) − 𝜙(𝐱))‖22 + 𝛽‖∇𝜙(𝐱)‖0𝑑𝐱 (13)

where ‖ ⋅ ‖2 is the 𝐿2 norm. The term ‖(𝐼(𝒙) − 𝜙(𝒙))‖22 enforces 𝜙 to be similar with color corrected 𝐼 . Let us briefly review the
definition of 𝐿0-norm: if 𝜙 = 0, then ‖𝜙‖0 = 0. Otherwise, ‖𝜙‖0 = 1. Therefore the term ‖∇𝜙(𝒙)‖0 can reduce the noises and make
edges sharpen. It is worth pointing out that 𝐿0-norm regularized optimization problem is known as computationally intractable.
This optimization problem (Eq. (13)) is equivalent minimize the following equation:

𝐺 = ‖(𝐼(𝐱) − 𝜙(𝐱))‖22 + 𝛽‖∇𝜙(𝐱) − 𝜓(𝐱)‖
2
2 + 𝜆‖𝜓(𝐱)‖0. (14)

Here we introduce a new parameter 𝜓 in the optimization problem. 𝛽 is a wight parameter directly controlling the similarity between
𝜓 and the gradient of 𝜙. We can divide the optimization problem of 𝐺 into two equations as:

𝐺1 = min
𝜓
𝜆‖𝜓‖0 + 𝛽‖∇𝜙(𝐱) − 𝜓‖22 with a f ixed 𝜙,

𝐺2 = min
𝜙

‖𝐼(𝐱) − 𝜙(𝐱)‖22 + 𝛽‖∇𝜙(𝐱) − 𝜓‖
2
2 with a f ixed 𝜓.

(15)

For Eq. (15), we should consider the definition of ‖ ⋅ ‖0 on the optimization problem with fixed 𝜙. We define 𝐺∗
1 as the minimum

of Eq. (15). Considering Eq. (15), if 𝜆 = 0, we can obtain the minimum of 𝐺1 by setting 𝜓 = ∇𝜙, otherwise we need to analyze the
relationship between ‖∇𝜙(𝐱)‖22 and 𝜆∕𝛽. The relations are summarized as follows:

(1) When ‖∇𝜙(𝐱)‖22 ≥ 𝜆∕𝛽, we start splitting in the following two situations. In the first situation, by considering 𝜓 ≠ 0, we can
obtain the minimal value 𝐺∗

1 by setting ∇𝜙(𝐱) = 𝜓 shown as

𝐺∗
1(𝜓 ≠ 0) = min

𝜓
𝐺1(𝜓 ≠ 0) = 𝜆‖𝜓‖0 + 𝛽‖∇𝜙 − 𝜓‖22 = 𝜆 (16)

For the second situation 𝜓 = 0, we can obtain

𝐺∗
1(𝜓 = 0) = min

𝜓
𝐺1(𝜓 = 0) = 𝜆‖𝜓‖0 + 𝛽‖∇𝜙 − 𝜓‖22 = 𝛽‖∇𝜙‖22 ≥ 𝜆 = min

𝜓
𝐺1(𝜓 ≠ 0) (17)

Therefore, we should only let ∇𝜙 = 𝜓 to obtain the minimum 𝐺∗
1 . In conclusion, combining Eqs. (16) and (17), the minimum energy

(15) is produced when ∇𝜙 = 𝜓 .
(2) When ‖∇𝜙(𝐱)‖22 < 𝜆∕𝛽, in a similar way we can obtain

𝐺∗(𝜓 ≠ 0) = min𝐺 (𝜓 ≠ 0) = 𝜆, (18)
4

1 𝜓 1
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and

𝐺∗
1(𝜓 = 0) = min

𝜓
𝐺1(𝜓 = 0) = 𝛽‖∇𝜙‖22. (19)

Combining Eqs. (18) and (19), we can find 𝐺∗
1(𝜓 = 0) is smaller than 𝐺∗

1(𝜓 ≠ 0). The minimum 𝐺∗
1 = 𝛽‖∇𝜙‖22 reaches by choosing

as 0. In summary, to minimize Eq. (15), we can obtain the following condition:

𝜓 =

⎧

⎪

⎨

⎪

⎩

∇𝜙 if 𝜆 = 0 𝑜𝑟 ‖∇𝜙‖22 ≥
𝜆
𝛽
,

0 otherwise.
(20)

Eq. (15) is a quadratic function which has a global minimum even by gradient descent with fixed 𝜓 :

−𝜙 + 𝛽𝛥𝜙 = −𝐼 + 𝛽∇ ⋅ 𝜓 (21)

. Numerical solver

We employ the fast scheme with the Fourier-spectral method [21–23]. We assume that there are 𝑁𝑥 ×𝑁𝑦 pixels on a 2D image,
here 𝑁𝑥 and 𝑁𝑦 are even integers. Let 𝑥𝑚 = (2𝑚 − 1)∕2, 𝑦𝑛 = (2𝑛 − 1)∕2, for 1 ≤ 𝑚 ≤ 𝑁𝑥, 1 ≤ 𝑛 ≤ 𝑁𝑦. Furthermore, let 𝜙𝑠𝑚𝑛 be an
pproximation of 𝜙(𝑥𝑚, 𝑦𝑛, 𝑠), where 𝑠 is the iterative step. The discrete cosine transform 𝜙̂𝑠𝑝𝑞 for 𝑝 = 1,… , 𝑁𝑥, 𝑞 = 1 and ⋯ , 𝑁𝑦 is
efined as

𝜙̂𝑠𝑝𝑞 = 𝛼𝑝𝛽𝑞
𝑁𝑥
∑

𝑚=1

𝑁𝑦
∑

𝑛=1
𝜙𝑠𝑚𝑛 cos(𝑥𝑚𝜋𝜉𝑝) cos(𝑦𝑛𝜋𝜂𝑞),

here

𝛼𝑝 =

{

√

1∕𝑁𝑥, 𝑝 = 1
√

2∕𝑁𝑥, 2 ≤ 𝑝 ≤ 𝑁𝑥
and 𝛽𝑞 =

{ √

1∕𝑁𝑦, 𝑞 = 1
√

2∕𝑁𝑦, 2 ≤ 𝑞 ≤ 𝑁𝑦

The variables 𝜉𝑝 and 𝜂𝑞 are defined as 𝜉𝑝 = (𝑝 − 1)∕𝑁𝑥 and 𝜂𝑞 = (𝑞 − 1)∕𝑁𝑦, respectively. The inverse discrete cosine transform is

𝜙𝑠𝑚𝑛 =
𝑁𝑥
∑

𝑝=1

𝑁𝑦
∑

𝑞=1
𝛼𝑝𝛽𝑞𝜙̂

𝑠
𝑝𝑞𝑟 cos(𝜉𝑝𝜋𝑥𝑚) cos(𝜂𝑞𝜋𝑦𝑛). (22)

It is easy to solve 𝜓𝑠+1 from 𝜙𝑠 and 𝛽𝑠 by using Eq. (20) as

𝜓𝑠+1 =

⎧

⎪

⎨

⎪

⎩

∇𝜙𝑠 ‖∇𝜙𝑠‖22 ⩾
𝜆
𝛽𝑠
,

0 otherwise.
(23)

Once 𝜓𝑠+1 is obtained, we find that the Eq. (21) for the 𝜙 at the step (𝑠 + 1):

−𝜙𝑠+1𝑚𝑛 + 𝛽𝑠𝛥𝜙𝑠+1𝑚𝑛 = −𝐼𝑚𝑛 + 𝛽𝑠∇ ⋅ 𝜓𝑠+1𝑚𝑛 . (24)

Thus, Eq. (24) can be transformed into the discrete cosine space as follows:

−(1 + 𝛽𝑠
[

(𝜉𝑝𝜋)2 + (𝜂𝑞𝜋)2
]

)𝜙̂𝑠+1𝑝𝑞 = −𝐼𝑝𝑞 + 𝑖𝛽𝑠(𝜉𝑝𝜋 + 𝜂𝑞𝜋)𝜙̂𝑠𝑝𝑞

Here 𝑖 =
√

−1 is a complex number and we have employed the discrete cosine transform for the Laplacian and divergence operators,
which are defined as

𝛥𝜙̂𝑝𝑞 = −
(

(𝜉𝑝𝜋)2 + (𝜂𝑞𝜋)2
)

𝜙̂𝑝𝑞 and ∇ ⋅ 𝜓̂𝑝𝑞 = 𝑖
(

𝜉𝑝𝜋 + 𝜂𝑞𝜋
)

𝜓̂𝑝𝑞 .

Furthermore, 𝐼𝑝𝑞 and 𝜓̂𝑝𝑞 denote the discrete cosine transform of 𝐼𝑚𝑛, and 𝜓𝑚𝑛. Therefore, we obtain the following discrete cosine
transform

𝜙̂𝑠+1𝑝𝑞 =
𝐼𝑝𝑞 − 𝑖𝛽𝑠(𝜉𝑝𝜋 + 𝜂𝑞𝜋)𝜙̂𝑠𝑝𝑞
1 + 𝛽𝑠(𝜉𝑝𝜋)2 + 𝛽𝑠(𝜂𝑞𝜋)2

. (25)

The corresponding function 𝜙𝑠+1𝑚𝑛 can be computed based on Eq. (22). The outline of the main procedure in one time step is as
follows:

• Step 1: Initialize 𝜙0 and 𝜆, 𝛽 = 𝛽0.
• Step 2: Solve 𝜓𝑠+1 from 𝜙𝑠 and 𝛽𝑠 by using Eq. (23).
• Step 3: Solve 𝜙𝑠+1 from 𝜓𝑠+1 by using Eqs. (22) and (25).
• Step 4: Update 𝛽𝑠+1 = 𝜅𝛽𝑠, where 𝜅 is larger than 1 to make 𝛽 increase with each iteration.
5
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Fig. 2. Color correction of our proposed method. (a) Original image. (b) Digital image captured by camera. (c) Our results. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

The main contributions of the proposed method include the following: (i) The proposed method can improve the quality
of scanned images without artificial noises because it uses the color-correction and 𝑙0 gradient minimization. (ii) The proposed
numerical method in Eqs. (23) and (25) can achieve fast convergence, since our algorithm consists of two explicit evaluations of the
closed-form solutions and one implicit Poisson type equation solver. (iii) For the linear equation, their computational complexities
are 𝑂(𝑁), where𝑁 is the size of the mesh grid. For the implicit Poisson type equation solver, we apply a fast discrete cosine transform
method with a computational complexity of 𝑂(𝑁𝑙𝑜𝑔𝑁). Our proposed numerical scheme can be straightforwardly applied to GPU-
accelerated DCT implementation that performs up to many times faster than CPU-only alternatives. (iv) The proposed algorithm is
simple to implement.

4. Experimental results

In this section, we present numerical results on various synthetic and real images. Fig. 2 shows the cultural relics images. Due to
the long preservation time of cultural relics, the difficulty of scanning increases and the brightness and saturation of scanned images
decreases as shown in Fig. 2(b). Comparing with Fig. 2(a), our proposed method has performed well in relics color correction as
shown in Fig. 2(c). Here, we choose 𝛽 = 0.02 and 𝜅 = 2.

To verify the performance of our method, we tested our method with the public data and carried out camera experiments under
both ideal and actual light sources. For each set of data, we compared the results of our proposed method with other methods
mentioned. The parameters for evaluating the method performance include the mean 𝛥𝐸𝑎𝑏 color difference for all color samples
𝛥𝐸𝑎𝑏, the maximum 𝛥𝐸𝑎𝑏 color difference 𝛥𝐸𝑚𝑎𝑥, the mean error of each color attribute 𝛥𝐿, 𝛥𝑎, 𝛥𝑏, the maximum error of each
color attribute 𝛥𝐿𝑚𝑎𝑥, 𝛥𝑎𝑚𝑎𝑥, 𝛥𝑏𝑚𝑎𝑥. We consider two data sets. One data set is obtained from the AGFA Arcus II scanner with the
AGFA IT8.7/2 color chart. This data set is given in the appendix of the literature [6] proposed by Hardeberg. The other data set is
obtained under the ideal light source. Here Nikon D200 camera is applied to capture the image of the X-Rite IT8.7/2 color checker
which is positioned in the ColorSpace cabinet and lit by the D65 metamere illuminant.

Tables 1 and 2 show the results obtained by using the methods with RGB–CIEXYZ [24], RGB–CIELAB [25], Hardeberg [6], and
our method on the two mentioned data sets. Observing these results, we can see that the direct transformation from digital RGB
values to CIELAB space does not provide better results than that from digital RGB values to CIEXYZ space, instead, the results get
6
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Table 1
Data given in the literature experiment results.
Model type Δ𝐸 Δ𝐸𝑚𝑎𝑥 Δ𝐿 Δ𝐿𝑚𝑎𝑥 Δ𝑎 Δ𝑎𝑚𝑎𝑥 Δ𝑏 Δ𝑏𝑚𝑎𝑥
RGB–CIEXYZ [24] 4.841 22.939 1.276 3.715 2.782 20.932 3.135 15.354
RGB–CIELAB [25] 22.270 49.111 15.310 34.052 8.422 37.251 9.056 40.062
Hardeberg [6] 5.652 23.961 3.241 11.345 2.234 23.304 2.987 12.645

𝐎𝐮𝐫 𝐦𝐞𝐭𝐡𝐨𝐝 𝟏.𝟎𝟏𝟑𝟎 𝟒.𝟕𝟖𝟏𝟔 𝟎.𝟑𝟒𝟏𝟕 𝟐.𝟓𝟒𝟕𝟑 𝟎.𝟓𝟔𝟗𝟏 𝟑.𝟑𝟏𝟐𝟗 𝟎.𝟓𝟗𝟏𝟑 𝟑.𝟑𝟖𝟗𝟏

Table 2
Ideal light source experiment results.
Model type Δ𝐸 Δ𝐸𝑚𝑎𝑥 Δ𝐿 Δ𝐿𝑚𝑎𝑥 Δ𝑎 Δ𝑎𝑚𝑎𝑥 Δ𝑏 Δ𝑏𝑚𝑎𝑥
RGB–CIEXYZ [24] 4.4162 12.4252 1.7173 7.0779 2.5783 9.0875 2.4828 10.3337
RGB–CIELAB [25] 6.5634 14.4275 3.6462 9.5623 4.0434 9.1865 4.5145 12.6367
Hardeberg [6] 4.1482 10.5636 1.2825 6.7647 2.4636 8.5632 2.2413 9.3883
RPCC [26] 4.5687 12.9247 1.8975 7.5459 2.6586 9.1158 2.5048 10.7479

𝐎𝐮𝐫 𝐦𝐞𝐭𝐡𝐨𝐝 𝟐.𝟐𝟎𝟏𝟔 𝟖.𝟗𝟒𝟔𝟏 𝟏.𝟏𝟎𝟓𝟕 𝟒.𝟒𝟏𝟗𝟔 𝟎.𝟗𝟕𝟐𝟖 𝟓.𝟓𝟏𝟓𝟕 𝟏.𝟐𝟗𝟔𝟖 𝟔.𝟗𝟑𝟏𝟓

Fig. 3. The top row shows original image with Gaussian noise which expectation is 0 and variance is 0.01. The bottom row shows the denoising results with
our method. From (a) to (d), the proportions of noise in the images are 1%, 5%, 15% and 25%, respectively.

worse. This is because the conversion from CIEXYZ to CIELAB is non-linear, involving a cubic root function. But in our method, the
color conversion is derived reversely considering the nature of color space transformations, so clearly better results are obtained.

In the top of Fig. 3(a)–(d), we add the Gaussian noises with 1%, 5%, 15% and 25% into a synthetic image acquisition card,
respectively. The added noise satisfies the Gaussian distribution with expectation of 0 and variance of 0.01. The given probability
r% means setting a fraction of r% randomly selected pixels to noises. The bottom row shows the denoising results with our method.
Here, we choose the interface parameter 𝛽 = 0.005, 0.01, 0.015, and 0.015, 𝜅 = 4.5, 4, 2.4, and 2, respectively. We can see that
our proposed method successfully remove the noises of the images. Furthermore, as shown in Fig. 3(a–c), our method can keep the
sharpen edge when the noise is small. While the too higher noise leads the edges be over-smooth.

Fig. 4 shows the results comparison with different norms in energy function with bronze ware image. Fig. 4(a) is the original
image with Gaussian noise. From Fig. 4(b–d), we use 𝐿0, 𝐿1 and 𝐿2 norms in the energy function minimization (Eq. (13)),
respectively. In our algorithm, we choose 𝛽 = 0.01 and 𝜅 = 1.85. Note that we have used an iterated soft-thresholding algorithm
for 𝐿1 as introduced in [27]. It is worth pointing out that 𝐿1 and 𝐿2 norms homogenizes the noise in the image which makes the
original image blurred. However, 𝐿0 norm can enhance the contrast of image and suppress low-amplitude details.

In Fig. 5, we present a synthetic image and a real image with noises in first and second rows, respectively. In order to ignore
the influence of iteration step, we set 𝜅 = 2 for every image. The denoising results parameters 𝛽 = 0.02, 0.04, and 0.08 are used in
Fig. 5(b–d), respectively. As can be observed, the noises of the images will be reduced and the texture will be improved gradually.
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Fig. 4. Results with different norms in energy function with bronze ware image. (a) Initial image with Gaussian noise. (b)–(d) Results of minimization energy
function with 𝐿0, 𝐿1 and 𝐿2 norm.

Fig. 5. Result comparison with quantization and denoising. (a) The image with noise. (b–d) The denoising parameters are 𝛽 = 0.02, 0.04 and 0.08, respectively.
Here 𝜅 = 2 is fixed.

For the synthetic image, because there is no influence of texture, Fig. 5(d) with 𝛽 = 0.08 has a good result. For the real image,

Fig. 5(c) has a better result because it is closer to the authentic scene.
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Fig. 6. Comparison results by different iterations with 𝛽 = 0.02. (a) is the original images with gaussian noise. From left to right, we use hand-writing image,
gray-scale image, color image and real culture relic image to test the effect of our method, respectively. From (b) to (e), the results are the images with 10
iterations (𝜅 = 4.5), 30 iterations (𝜅 = 1.65), 50 iterations (𝜅 = 1.35) and 70 iterations (𝜅 = 1.25), respectively. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

Fig. 6 shows the comparison results by different iterations with fix 𝛽 = 0.02, which shows our proposed method performed well
by increasing iterations with fix 𝛽. In this figure, we use various types of images, which are hand-writing image, gray-scale image,
color image and real culture relic image, respectively, to verify the robustness of proposed method. From (b) to (e), we choose 𝜅 as
4.50, 1.65, 1.35 and 1.24, which represent 10 iterations, 30 iterations, 50 iterations and 70 iterations, respectively. As can be seen
in Fig. 6(d) and (e), our method has eliminated most of noise and sharpen the edge. Meanwhile, choosing adaptive 𝛽 can lead to
better results.

In the final test, we use the several real scanned images as shown in Fig. 7. From Fig. 7(a), we correct the color of the images
and get the clear results in Fig. 7(b), which have even color character and the contrast is obvious. Here we choose the smooth
parameter 𝛽 = 0.01, and run the simulation up to 20 iterations to get the denoising ancient Egypt in Fig. 7(c). For denoising ancient
Roman fresco in Fig. 7, we choose 𝛽 = 0.01 and 𝜅 = 1.65. In Fig. 7(c), the contents of the cultural relics have been highlighted and
the noises are reduced, except for the damaged parts. As can be seen, our algorithm disposes the relics images well.

Finally, we show the performance of all test problems. We calculate the average CPU time per iteration (total CPU time over total
iterations) and fit the curve with images size as shown in Fig. 8. Here, the linear fitting is done using the MATLAB function polyfit.
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Fig. 7. Full processing of real scanned images with hieroglyphically characters in ancient Egypt and ancient Roman fresco. (a) are the scanned images with
affected tone and noise. (b) are the results of color corrected images with noise. (c) are the final results with corrected color and noise. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 8. Experimental data and linear fitting average CPU time per iteration versus image size.

It can be seen that the convergence rate of the computational cost is linear with respect to images size. Therefore, our method is
simple and fast.

5. Conclusion

In this paper, we have presented a novel robust and efficient method for image processing using color-correction and 𝐿0 gradient
minimization, which gives an obvious improvement in color characterization accuracy and removes noise of the images. Our
method can be improved in several ways. First, we can extend the polynomial root terms to further improve the transformation
of color correction accuracy. The results presented in this paper show that this algorithm outperforms linear regression and offers a
significant improvement over polynomial models when the exposure/scene irradiance varies. The polynomial root terms extension
is constructed in our proposed method to further improve the transformation accuracy. Then, automatically adapting parameters of
𝐿0 minimization can get sharper features and eliminate noises. Unlike other denoising methods with 𝐿1 or 𝐿2 norm, our method
can remove low-amplitude pixels and globally preserve and enhance salient edges, even if they are boundaries of very narrow
objects. This iterative algorithm is easy to implement and computational efficient. Various tests are presented to demonstrate that
our method is robust and produces good image processing results.
10
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