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Abstract. We propose a blind inverse halftoning method with adaptive energy diﬀusion. A discrete Voronoi diagram is built by treating
halftone dots as Voronoi cell sites. Gaussian ﬁlters are then created adaptively based on Voronoi cells and used for energy diﬀusion to form the
grayscale inverse halftone image. We further perform a median ﬁlter on
the Gaussian ﬁlters’ parameters to maintain consistency of ﬁlters across
diﬀerent image regions. To remove artifacts in dense halftone dots area,
we show that a secondary Voronoi diagram can be built based on the
non-halftone dots and a heuristic blending can be employed. Comparing
with other inverse halftoning methods, our method is able to remove
artifacts in both sparse and dense halftone dots regions and produces visually pleasant gray-scale images. Our method is also applicable to edge
enhancement and structure-aware halftoning.
Keywords: digital halftoning, inverse halftoning, error diﬀusion, discrete Voronoi diagram.

1

Introduction

Digital halftoning [1,2], the transformation from continuous tone images into images with limited gray level such as binary ones, has been widely used in publishing applications, such as newspapers, books, magazines, etc. However, halftone
images are typically diﬃcult to manipulate. Many image processing and operations, such as scaling, enhancement and rotation are hard to impose to halftone
images. In order to impose these operations on those images, continuous tone
images need to be reconstructed from halftone images through the technique of
inverse halftoning. Inverse halftoning has been popularly used to halftone image
manipulation, conversion, and compression. There is no clear model or unique
algorithm for inverse method because there are diﬀerent halftoning algorithms
according to diﬀerent models. So the halftoning process is a many-to-one mapping. In our research, an adaptive weighted ﬁltering technique is proposed to
solve the inverse halftoning problem.
Concerning halftoning methods [3], error diﬀusion [1,2] and dot diﬀusion [4]
are known as two typical ones. There are also edge enhancement halftoning
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methods such as structure-aware halftoning [5] and edge enhancement error
diﬀusion [6]. For traditional error diﬀusion method, there are also various different methods according to the diﬀerences of diﬀusion kernels such as Floyd
method [1], Jarvis method [2], Ostromoukhov method [7].
According to analysis existed methods, the inverse halftoning algorithms can
be classiﬁed into three categories. The ﬁrst class treats inverse halftoning as a
denoising problem which removes the high frequency noise occurred from the
halftoning process. A simple example of this category is low pass ﬁltering. However, low pass ﬁltering tends to produce blurred images. There are other more
sophisticated methods to reduce blur and sharpen edges such as fast blind inverse halftoning [8], wavelet-based methods [9,10], fast inverse halftoning for
error diﬀused halftones [11] and nonlinear ﬁltering [12]. This class of algorithm
is less computational demanding, but some of them may blur the edge or only
be suitable for some particular types of halftone images. The second class treats
the inverse halftoning as an image reconstruction problem. A lot of traditional
inverse problem methods are used to solve this problem, e.g., MMSE and MAP
projection based method [13], Projection onto Convex Set (POCS) [14]. These
methods can usually give estimated images with good visual quality, but they
usually require some special conditions or computationally intensive. For example, some of them assume the availability of the halftone kernel which is only used
in error diﬀusion halftone method. The third category is learning-based method
which uses training set or machine learning to get the continuous tone image.
Look Up Table based method (LUT) [15] and decision tree learning [16] based
method belong to this class. Especially for LUT based method, there are a lot
of extended algorithms to improve the execution eﬃciency, like tree-structured
LUT [18], edge based LUT [17]. Basically, the training method can be used to
diﬀerent halftoning methods. However, this class algorithm needs some training
sets to get the solution.
Our method belongs to the ﬁrst category and performs inverse halftoning in a
completely diﬀerent approach. Using the Voronoi diagram, we formulate adaptive Gaussian ﬁlters to distribute energy from Voronoi diagram sites to image
pixels. We further perform a median ﬁlter on the Gaussian ﬁlters’ parameters to
maintain consistency of ﬁlters across diﬀerent image regions. To remove artifacts
in dense halftone dots area, we show that a secondary Voronoi diagram can be
built based on the non-halftone dots and a heuristic blending can be employed.
This paper is organized as follows. Section 2 describes how adaptive Gaussian
ﬁlters are formed by using Voronoi diagram. We then describe the blending of two
inverse halftone images in order to remove artifacts in section 3. Implementation
and experiment details are given in section 4. Finally, conclusion is given in
section 5.

2
2.1

Adaptive Energy Diﬀusion
Voronoi Diagram Construction

Voronoi diagram is a well known space partition method in the space of diﬀerent
distance metric. Given an open set Ω, a set of n diﬀerent sites (or seeds) Si ,
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Fig. 1. (a) David halftone by Floyd error diﬀusion. (b) Inverse halftone using black
Voronoi diagram. (c) Inverse halftone using white Voronoi diagram. (d) Inverse halftone
using black and white blending scheme. (e) Enlarged the top left 64 × 64 patch of (a).
(f) Enlarged the top left 64 × 64 patch of (b). (g) Enlarged the top left 64 × 64 patch
of (c). (h) Enlarged the top left 64 × 64 patch of (d).

i = 1..n, and a distance function d, the Voronoi diagram (or cell) is deﬁned as n
distinct subsets (cells) Ci such that:
Ci = {ω ∈ Ω | d(ω, Si ) < d(ω, Sj ), for i, j = 1..n, j = i}

(1)

Our method starts by computing the discrete Voronoi diagram from the input
halftone image H. Notice that Voronoi sites can be halftone dots or non-halftone
dots in the halftone image. To explain easily and clearly, we refer halftone dots
as black dots and non-halftone dots as white dots. Consequently, there are two
possible Voronoi diagram from a halftone image.In the next section, the images
employ black dots as Voronoi sites is deﬁned as the black version and is notated
with a subscript b, while others employ withe dots as Voronoi sites named white
version and notated with a subscript w. Every step in our method is the same
in both black and white version of the Voronoi diagrams. So here we will only
describe our method based on the black version of the Voronoi diagram.
In order to avoid dense halftone regions that contains too many black dots
that may result in distorted discrete Voronoi diagram, we ﬁrst redistribute the
dots to a larger image H  of which size is a blown up scale factor λ of the original
halftone image size. For every black dot location (x, y), we redistribute according
to the following scheme:
H  (λx, λy) = λ2 H(x, y)

(2)

Notice that the energy in the halftone image is scaled up by λ2 so that the mean
energy of H and H  is kept similar. Then the discrete Voronoi diagram is formed
on the redistributed halftone image H  . Here we use Jump Flooding Algorithm
on GPU [19] to compute the discrete Voronoi diagram from H  . An example of
the redistributed halftone H  and its Voronoi diagram is shown in Figure 2.
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Fig. 2. The redistributed halftone, and its black Voronoi diagram (λ = 2)

Further processing steps will be performed on this blown up image size. We
only downsample to the original halftone image size at the ﬁnal step which
produces the grayscale image of the orignal size.
2.2

Gaussian Filter Design

After Voronoi diagram is constructed, inverse halftoning can be viewed as an
energy diﬀusion process. Each black dot, which is a Voronoi site, diﬀuses its
energy to its local neighborhood that is deﬁned by the Voronoi cell it belongs
to. In other words, the black dots diﬀuse energy as far as possible until reaching
another black dot’s neighborhood. Consequently, this forms an adaptive energy
diﬀusion scheme.
In order to achieve smooth energy diﬀusion, Gaussian distribution is employed. Each black dot is the center of a Gaussian ﬁlter which diﬀuses energy
into its Voronoi cell following an isotropic Gaussian distribution. The diﬀusion
process is controlled by the energy conservation constraint in each Voronoi cell.
This allows us to conserve the local tone in the inverse halftone image. Mathematically, the constraint can be written in the following equation.


I  (x, y) = λ2

(3)

(x,y)∈Ci

This constraint is easily implemented by a normalization stage after Gaussian
energy diﬀusion.
Next, we show how a Gaussian ﬁlter can be designed adaptively for each
Voronoi site. The Gaussian ﬁlter should diﬀuse most of its energy inside the
Voronoi cell. Furthermore, we observe that 95% of the energy diﬀused by an
isotropic Gaussian ﬁlter lies in the radius of 3σ where σ is the standard deviation of the Gaussian function. Consequently, σ should be adaptively determined
according to the Voronoi cell where the ﬁlter is located. From σ, we then easily
set the radius of the isotropic ﬁlter to be 3σ.
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Let Ci be a Voronoi cell and a be its discrete area value. The standard deviation σ of the Gaussian ﬁlter in Ci is determined by the following equation:
σ = (log(1 + a))k

(4)

where k is set to 1.3. The intuition behind the above equation is that σ should be
small in small Voronoi cell, and gets larger in larger cells to further diﬀuse energy.
Our experiments show that σ varies logarithmically to the area of Voronoi cell,
thus the above equation is used.
In order to further smoothen the energy diﬀusion process, we constrain that
the σ parameters should vary smoothly among Voronoi cells. This constraint is
implemented by a median ﬁlter after σ is calculated for each Voronoi cell. At the
end of this step, Gaussian ﬁlter parameter σ for every Voronoi cell is computed.
We are now ready for the energy diﬀusion.
2.3

Isotropic Gaussian Energy Diﬀusion

Given Gaussian ﬁlter for each Voronoi cell, the energy diﬀusion process is stated
as below.


(x − x0 )2 + (y − y0 )2
(5)
Ib (x, y) = exp
2σ 2
where (x, y) ∈ Ci and (x0 , y0 ) is the corresponding Voronoi site. After energy
diﬀusion is performed for every Voronoi cell, a normalization stage is run to
ensure the total energy in each Voronoi cell equal to λ2 so that the local tone is
conserved.

3

Black and White Versions Blending

Recall that in the Voronoi diagram construction stage, there are two possibilities
to form the Voronoi diagram, Vb and Vw , which lead to two diﬀerent inverse
halftone images, Ib and Iw . The grayscale intensity of the inverse halftone image
can be computed as follow, depending on which version of the Voronoi diagram
is used.
 2
λ − Ib (x, y) for black Voronoi Diagram
(6)
I  (x, y) =
Iw (x, y)
for white Voronoi diagram
The black inverse halftone image has smooth energy diﬀusion in regions where
the black dots are sparsely distributed. However, in regions where the black dot
density is high, σ becomes very small and artifacts appeared. But high density
of black dots means low density of white dots, therefore, we can make use of
the corresponding region in the white inverse halftone image to correct those
artifacts. The blending scheme is then deﬁned as follow.
 2
λ − Ib (x, y) if d(x, y) ≤ τ
(7)
I  (x, y) =
Iw (x, y)
otherwise
where d(x, y) returns the density of Voronoi sites in the (x, y) location; τ is a
threshold set by user.
Finally, the inverse halftone image I is easily computed by downsampling I 
by a factor of λ. We summarize stages of our method in the following table.

Adaptive Energy Diﬀusion for Blind Inverse Halftoning

475

Algorithm 1. Blind Inverse Halftoning using Voronoi Diagram
Step 1. Redistribute black dots into a larger image which is scaled by λ from the
original halftone image size.
Step 2. Construct two discrete Voronoi diagrams, Vb and Vw , by treating black dots
and white dots as sites, respectively.
Step 3. For each Voronoi diagram, compute standard deviation σ for every Voronoi
cell.
Step 4. For each Voronoi diagram, perform a median ﬁlter on σ of Voronoi cells.

respectively for Voronoi diagram Vb
Step 5. Compute energy diﬀusion Ib and Iw
and Vw .
Step 6. Compute grayscale intensity I  by blending two versions of black Ib and

.
white Iw
Step 7. Downsample I  to obtain the ﬁnal grayscale image I.

4

Results

In our implementation, the scale factor λ is set to 6. Discrete Voronoi diagram is
computed on an NVIDIA GeForce 8600 GTS graphics card using OpenGL and

(a) LUT’s result

(b) Edge based LUT’s result

(c) Fast ﬁlter’s result

(d) Our result

Fig. 3. Lena halftone by Floyd error diﬀusion
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(a) Edge based LUT’s result

(b) Our result

Fig. 4. Zoom-in of the Lena example

(a) Jarvis error diﬀusion

(b) Our result

(c) Ostromoukhov error diﬀusion

(d) Our result

Fig. 5. Lena halftone by other error diﬀusion methods and our inverse halftoning results
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(a) Structure-aware halftoning

(b) Our result

(c) Edge enhancement halftoning

(d) Our result
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Fig. 6. Cat example by structure-aware halftoning and edge enhancement halftoning,
and our inverse halftoning results

Cg shading language. Other steps of our method are implemented on CPU. We
compare our results with inverse halftoning methods designed for error diﬀusion,
and with those that can be used with any halftoning methods. The David example is obtained from Wikipedia. The Cat example is from the structure-aware
halftoning paper [5].
Figure 1 shows the inverse halftoning of the David example. We see that
black Voronoi diagram produces visually pleasant result. However, at the top left
64 × 64 patch of the halftone image, the number of black dots are so dense that it
leads to artifacts in the inverse grayscale images. Those artifacts do not appear
in the inverse grayscale produced by the white Voronoi diagram. Therefore, the
blending result produces the most visually pleasant grayscale image.
We further compare our method with other inverse halftoning methods based
on the popular Lena example. Figure 3 shows the comparison of our method with
LUT [15], edge based LUT [17] and fast ﬁlter method [11]. In this example, the
Lena halftone image is produced by Floyd error diﬀusion method; the parameter
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(a) Boat image ﬂoyd halftoning

(b) Our result

(c) Mandrill image ﬂoyd halftoning

(d) Our result

(e) Peppers image ﬂoyd halftoning

(f) Our result

Fig. 7. Diﬀerent images example by ﬂoyd halftoning and our inverse halftoning results
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λ is 4 and threshold τ is 0.6. Figure 4 further shows an zoom-in patch in the
Lena example. In addition, Figure 7 show some other images example with the
same parameters.
Additionally, our method works with any error diﬀusion method. Figure 5a
and Figure 5b show the Jarvis error diﬀusion halftone image [2] and our result
of inverse halftoning. Figure 5c and Figure 5d show Ostromoukhov error diffusion halftone image [7] and our corresponding result. We adopted the same
parameters as the above Floyd error diﬀusion example.
Our method is also robust to edge enhancement [6] or structure-aware halftoning [5] method. Figure 6 show the results of our algorithm for edge enhanced
halftoning methods. In this example, λ is set to 6 and τ is set 0.7.

5

Conclusion

In this paper, a blind inverse halftoning method is proposed based on Voronoi
diagram and adaptive Gaussian energy diﬀusion. Our inverse halftoning method
is independent of halftoning methods used to produce the input halftone image
so it can be applied to any halftone images without any prior knowledge. Our
method also resolves artifacts occurred in too dense regions by making use of
two Voronoi diagrams at the same time.
Future directions include optimization for the computation of σ parameters
of Gaussian ﬁlters in order to minimize artifacts after energy diﬀusion. We also
investigated in anisotropic Gaussian ﬁlter to further constrain and preserve edges
in the inverse halftoning results.
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