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A new blind inverse halftoning algorithm based on a nonlinear filtering technique
of low computational complexity and low memory requirement is proposed in this
research. It is called blind since we do not require the knowledge of the halftone
kernel. The proposed scheme performs nonlinear filtering in conjunction with edge
enhancement to improve the quality of an inverse halftoned image. Distinct features
of the proposed approach include efficiently smoothing halftone patterns in large
homogeneous areas, additional edge enhancement capability to recover the edge
quality, and an excellent PSNR performance with only local integer operations and
a small memory buffer. © 2001 Academic Press
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1. INTRODUCTION

Halftone images are binary images that provide a rendition of gray-level images. Inve
halftoning addresses the problem of recovering a continuous-tone image from a half
image. Inverse halftoning has applications in halftone manipulation, conversion, and c
pression when a halftone image is the only available version of an image. In this rese:
a nonlinear filtering technique is proposed to solve the inverse halftoning problem.

Although the proposed framework can work in principle with any halftoning proce:
we focus on the most popular halftoning technique known as error diffusion in the curi
work. In error diffused halftones, the error between the continuous-tone image and the bi
halftone at each pixel is diffused over a causal neighborhood. Most of the quantization r
power falls in the high spatial frequency range. A good inverse halftoning scheme sh
remove as much noise as possible while preserving the important image details. Se
inverse halftoning methods have been studied in the literature, including linear aday
filtering [7], nonlinear filtering [6, 11], wavelets [12], MAP estimation [8], and POC:!
[1, 3]. A typical inverse halftoning process consists of two key modules, halftone nc
smoothing and image detail recovery, as detailed below.
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Smoothing can be performed by using linear filtering techniques that include the halft
lowpass filtering [11], the Gaussian lowpass filtering [7], and the singular value decorr
sition (SVD) technique [3]. It can also be achieved with model-based nonlinear smootl
techniques such as MAP estimation [8] and the nonlinear filtering approach propose
this work. Some work adopts edge information to improve smoothing results, for exam
spatial varying FIR filtering [6] and wavelet denoising [12]. All the above methods c
reduce halftone noise efficiently. However, the cutoff frequency of the lowpass filter or
threshold used in wavelet and model-based techniques plays a critical role in the ov
performance of a given algorithm. Furthermore, halftone noise contributes its energy mc
to high frequency components, which can potentially corrupt or reduce the quality of im
edges. This is the fundamental limitation of inverse halftoning algorithms relying on
smoothing process only. An edge recovery procedure is therefore required to obtain a
quality inverse halftoned image.

To recover edges, a bandpass filter with thresholding was used to extract and ent
edges in [7], and the application of a Gaussian filter to a highpass frequency band
studied in [12]. There is no explicit edge extraction step in the restoration-based appr
[1, 8], where the edge information is recovered by projection to the original halftone im:
with the assumption that the halftone kernel is known.

In this work, we present a single-pass blind inverse halftoning algorithm with a I
computational complexity and a low memory buffer. It is called blind since we do r
assume that the halftone kernel is available. Our scheme performs nonlinear filterir
conjunction with edge enhancement to improve the quality of an inverse halftoned im:
The proposed approach is universal in the sense that no prior knowledge about the for
halftoning process is assumed.

This paper is organized as follows. Two challenging problems for an inverse halftor
technique are discussed in Section 2. The proposed inverse halftoning algorithm is det
in Section 3. Experimental results are given in Section 4. Finally, concluding remarks
stated in Section 5.

2. TWO PROBLEMS

Previous work on blind inverse halftoning was performed without knowing the diffusi
kernel. It is nevertheless assumed that a “good” halftoning scheme has been applied s
the resulting halftone image will not have localized energy in smooth areas and edge
well represented. This is, however, not true in general. In this section, we address two n
problems that have not yet been pointed out in previous research in blind inverse halftol

2.1. Halftone Artifacts

One of the most observable artifacts associated with error diffusion is the periodic
repeating pattern appearing in areas where the image is a constant or slow varying. T
called the limit cycle behavior, which was studied in [2]. The limited cycle phenomen
results from a constant input, especially when the input value is a constant that slic
deviated fromZ, 1, and ;. The stability of these periodic patterns is determined by tt
choice of error diffusion weights and the support of the error diffusion kernel.

An example of limited cycle patterns is shown in Fig. 1. In this example, the input

setto a constangg—g. It results in low frequency noise and makes a small perturbation
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FIG. 1. Examples of the limited cycle behavior with a constant input set to 130: (a)-(c) are error diffusi
kernels used in (d)-(f), respectively, (d) is dominated by checkerboard patterns, (e) is dominated by worm pat
and (f) has no obvious dominating patterns.

the checkerboard pattern. (Note that most error diffusion kernels generate a checkert
pattern at mid-gray.) In Fig. 1d the Floyd—Steinberg kernel is used. The dominating pat
is the checkerboard. The worm pattern appearing in Fig. 1e is generated by equally weic
4-coefficients in the diffusion kernel. Figure 1fis the result of the Jarvis kernel [4]. The Ja
kernel has a larger support than the other two kernels. Increasing the support generall
reduce limited cycle patterns. The limited cycle behavior introduces low frequency nois
structure noise (e.g., worm patterns), which is difficult to remove by using a linear lowp
filter or even the wavelet denoising technique. A good blind inverse halftoning algoritl
should be able to deal with the limited cycle behavior.

2.2. Edge Sharpness

The sharpness of an edge is determined by halftoning schemes and halftone ke
In general, an error-diffused image has more edge information than one using cluste
dot or disperse-dot methods. The error diffusion kernels also effect the quality of ed
Larger diffusion kernels tend to have sharper edges. An example to illustrate the influe
of the error diffusion kernel is shown in Fig. 2. Clearly, the 12-coefficient Jarvis kernel |
produces sharper edges than the 4-coefficient Floyd—Steinberg kernel at the cost of
noise in the slow varying regions. If significant edge information is lost during the forwe
halftoning process, the reconstructed inverse halftone will have rather smooth edge
blind inverse halftoning, we cannot assume the edge is always perfectly rendered. The
of edge resolution cannot be solved by edge preserving smoothing algorithms. Additi
techniques, such as edge enhancement, must be performed to recover sharp edges.

3. PROPOSED INVERSE HALFTONING ALGORITHM

The proposed inverse halftoning algorithm consists of two components, i.e., noise smc
ing and edge enhancement, to overcome the problems addressed in the previous sec
block diagram of the proposed algorithm is shown in Fig. 3. The lowpass filter serve:
a preprocessor to provide a rough estimate of the continuous-tone image, and it is fu
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FIG. 2. Examples of the edge quality influenced by the diffusion kernel: (a) the Floyd—Steinberg kernel
(b) the Jarvis kernel.

refined by a nonlinear filter that can efficiently suppress low frequency noise resulting f
limited cycle patterns in smooth regions. The loss of edge resolution is compensated |
edge enhancement technique using a bandpass filter and a morphological filter.

3.1. Design of Smoothing Filters

In [9, 10], a robust nonlinear filtering technique was adopted to reduce various type
compression artifacts. The nonlinear filter can suppress noise in continuous-tone im
efficiently while preserving the edge information. The same technique can also be us
inverse halftoning to reduce halftone noise. However, the robust nonlinear filter in [9,
is alocation filter. That is, the output is selected from the neighboring pixel values. F
inverse halftoning, we have to preprocess the halftone image with a lowpass filter and
feed the output into the robust nonlinear filter for further refinement.

The lowpass filter plays a critical role for the final performance. To lower the compu
tional cost, a 2D separable FIR lowpass filter is selected. The 1D version of the prop
lowpass filter is designed based on a spline funcation

sin "
9(x,n):<ln7;x>, n=12... N )

For a given filter length, coefficients of the filter can be determined by uniformly sampl
the above function betweer-[L, 1], and the cutoff frequency can be adjusted by the vall

Halftone[ T owpass _ | Nonlinear _ Orayscale
filter T filter v
Bandpass _ |Moarphological _._I———‘_I
T filter "l filter Sealing

FIG. 3. The block diagram of the proposed halftoning algorithm.
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FIG. 4. (a) A family of spline functions used in the lowpass filter design, and (b) the derivative of a cul
spline.

of n. A larger value ofn leads to a higher cutoff frequency and, consequently, a low
smoothing capability. Coefficients obtained by the above function should be normali
to achieve the unity gain at the DC component. The shape of this function with differ
n is depicted in Fig. 4a. Experiments show that the above lowpass filter is superior to
Gaussian filter with respect to error diffusion halftones. The output of this filter is a rot
estimate of the original continuous-tone image and will be sent to a nonlinear filter ar
bandpass filter for further processing.

The nonlinear filter adopted is the same as the deringing filter presented in [9, 10]. "
is, given a set of samples, Xz, ..., Xy in the filtering window and the potential function
p, the filter output is defined as

N
X = argmin Xi — Xj). 2
gm ; P = X;) 2
To ensure data fidelity, the following clipping process is applied,

d=%—x, (3
Xec = X + ¢(d, Thl), 4)

wherex is the value of the pixel to be filterefd,is the output of (2)x. is the final estimate
to replacex andc(d, Thl) is a clipping function to ensure data fidelity and is defined as

c(d, Thl) = signd) - max(Q |d| — max(Q 2(|d| — Thl))).

The clipping function controls the amount of distortion introduced by the smoothing «
eration. The shape a{d, Thl) is depicted in Fig. 5. It is clear that the result of nonlinea
filtering is effective only whenl is smaller than Zhl. The valuérhl determines the amount
of smoothing.

To reduce halftone noise, Huber and truncated quadratic potential functions are b
choices for the potential function, since they are efficient in smoothing and can be
plemented by using only integer operations. For images containing more homogen
regions, the truncated quadratic function works the best. A set of commonly used nonli
filters is given in Table .
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FIG.5. The clipping function.

There are three parameters in the nonlinear filter. One is the filter size. Since the diffu
kernel has a smaller extent, a33 window size is usually sufficient for most images. If the
underlying image contains a large amount of smooth regions, a larger window size ca
used to reduce clustered noise. The second parameter is the thréshedd in potential
functions. For the truncated quadratic potential functibrean be chosen to be between ¢
and 20. A larger value of tends to produce a smoother result. For the Huber funclion,
ranges from 1 to 10. FOF = 1, this nonlinear filter is equivalent to the median filter. Fo
better quality,T can vary adaptively based on edge information. The third parameter is
threshold for clipping, which is the value ®hl in (3). By empirically testing the average
distortion of inverse halftoned results for a selected set of images, the valtld afan
be chosen to be one half or one quarter of the average value. The purpose of the clij
operation is to avoid additional distortion.

The cascade of lowpass and nonlinear filters can efficiently smooth the low-freque
clustered halftone noise in large smooth regions. Examples to demonstrate this phenon
are shown in Figs. 6a—6d. The original image has two constant gray Ié@élar(dg%g .
The resulting halftone is shown in Fig. 6a. The result of the proposed algorithm with
edge enhancement is shown in Fig. 6b. In this case, a quadratic functioh withO is used
and the window size is @ 9. Results obtained by other blind inverse halftoning algorithr
[6, 7] are shown in Figs. 6¢ and 6d for comparison. Clearly, the proposed algorithm is n
efficient in reducing noise in large smooth regions. Note that the proposed technique
preserve the quality of sharp edges without further enhancement for this case. This is
to the fact that the original image has a crispy edge. Since there is no intermediate leve
resolution of the edge can be easily preserved. In addition, this image contains two con

TABLE |
Commonly Used Potential Functions
Type p(X)

L2 x2
Lt X]
“Fair” vIXl — y2log(1+ %)

X2, x| <y
Huber p(X) = )

yo+2y(xl—vy), IXI>y
LY X", 1<y <2
Truncated.? min{y x2, 1}
Lorentzian log(L+ 3(%)?).

<

’ @[ - (3. X<y
Tukey p(X) =

IX| >y

% o
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FIG. 6. Examples of smoothing a halftone image: (a) the halftone of an image with two constant gray lev
130/256 and 200/256; (b) the result by applying the proposed smoothing filters; (c) the result by applyinc
adaptive filtering technique [6]; (d) the result by applying the nonlinear smoothing technique [7].

gray levels separated by the sharp transition. It fits the truncated quadratic model the
so that the sharp edge can be well recovered by the proposed nonlinear filter with ol
minor distortion.

3.2. Edge Enhancement

In the halftoning process, the gray-scale resolution (i.e., intensity) is represented by
density of randomly distributed binary patterns. In some edge regions, such as those al
an unsharp edge, the intensity is changing gradually within small extent. For this ¢
intermediate intensities at the edge transition area cannot be well represented by hal
patterns. The resulting edge after inverse halftoning is smoother than the original one
to the loss of grayscale resolution. This loss of resolution cannot be recovered even
the proposed nonlinear filter. Note that our nonlinear filters use the first-order model
discontinuity that does not fit smoother edges. The use of a higher order model for ¢
approximation may solve this problem at the price of a higher complexity.

The edge enhancement approach presented in this section is based on heuristic argu
It, however, provides a good solution to the loss of grayscale resolution problem at a
computational cost. With this approach, useful edge information is obtained by apply
a bandpass filter to a lowpass-filtered halftoning image. There are two ways to rec
the bandpass filter. One is to apply two lowpass filters with different cutoff frequenc
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and calculate the difference between the two filtered results. The other method is to
derivative of (1) and sample it with a desired filter length. The derivative of (1) is depic
in Fig. 4b.

In this work, we adopt the first approach, since a filter of shorter length can be u:
After bandpass filtering, a morphological operation is applied to refine the bandpass filt
result. The morphological filter includes two steps. First, thresholding is applied to
output of the bandpass filter to generate a binary edgeEnapen a binary median filter is
applied toE to remove noise in this map. This edge information is used to refine the origi
bandpass filter output by setting values of nonedge pixels to zero. Finally, the refined ri
B is added back to the nonlinear filter outf@ito obtain the inverse halftoning imageln
terms of mathematics, we have

I (m, n) = S(m, n) + AB(m, n), 1<mn<N, (5)

wherea is a scaling factor to control the amount of edge enhancement. This enhancel
technique has a very low complexity, since only windows of a small size and inte
operations are used.

4. EXPERIMENTAL RESULTS

We performed experiments on the 53512 L enaandPepperdmages, as well as the
512 x 640 Woman, CafeandBike images. These images were error diffused from the
corresponding graylevel images using the Floyd—Steinberg kernel. We compare our re
with several previous blind inverse halftoning work as follows.

4.1. Comparison of Lowpass Filters

The lowpass filter that performs an initial estimate of its corresponding continuo
tone image plays a critical role in the inverse halftoned result. Equation (1) provide
family of lowpass filters. The cutoff frequency of the lowpass filter should be high enot
to preserve spatial details while providing a sufficient grayscale resolution for the rol
nonlinear filter. To achieve a good trade-off between the performance and the complex
7 x 7 separable FIR filter with coefficients listed in Table Il is used in the implementatic
These coefficients are obtained by setting: 3 in (1) and normalized to have the unity
gain. We compare the performance of this filter with other filters used in other inve
halftoning algorithms, including the 9 9 Gaussian filter [3], the halfband lowpass filtel
[11], and the wavelet method [12]. The PSNR values for several test images after low
filtering are shown in Table Ill. We see that the proposed lowpass filter is superio
others.

4.2. Blind Inverse Halftoning

Our technique does not assume the availability of the error diffusion kernel. The PS
results of our proposed technique and other blind inverse halftoning algorithms, incluc

TABLE 11
Coefficients of the 7-tape Lowpass Filter Used in the Experiment

n -3 -2 -1 0 1 2 3

H 0.0089 0.0852 0.2409 0.3300 0.2409 0.0852 0.0089
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TABLE 111
Performance Comparison of Different Lowpass Filters

Algorithm  Gaussian [3] Half-band [11] Wavelet[12] Proposed

PSNR (dB)
Lena 28.64 29.60 30.38 30.79
Peppers 27.59 27.76 28.56 28.65

statistical smoothing [11], wavelet [12], adaptive filtering [6], and nonlinear noise remo
[7], are listed in Table IV. The PSNR figures are either taken directly from the publicatic
[11, 12] or generated from the software provided by the authors’ Web sites [6, 7]. Nonb
inverse halftoning algorithms assume that the halftone kernel is known and perform
projection to improve the quality. Results of these techniques are also provided in Tab
for comparison. We can see clearly from Table IV that our technique achieves the
results among all blind inverse halftoning algorithms under comparison. Our method is
robust with respect to all testimages. Itis interesting to see that our blind inverse halftol
results are comparable to (or even outperform) those obtained from iterative projectio
is actually not surprising that the kernel information does not boost the inverse halftor
performance much via iterative projection since the halftone process is a many-to-one |
the original halftone image does not provide a strict constraint in the space domain. Tt
especially obvious when intensities are around mid-gray; projection to this set may
the estimate not toward the real solution, but toward a legal solution.

If the purpose of inverse halftoning is to obtain the original continuous-tone image, tl
subjective quality of the inverse halftone is also important. In Fig. 7, the central portior
the LenaandPepperamages is enlarged and compared to that obtained from a wavel
based blind inverse halftoning method [12], which tends to produce the best visual qu
among previous work. It is clear that visual quality achieved by the proposed metho
comparable to the best scheme. In general, a larger window size produces more ple
visual quality at the cost of a higher computational complexity.

4.3. Complexity and Memory

The complexity of the proposed technique is slightly higher than that of the linear filter
approach [6, 7], but much less than that of the wavelet-based method [12].

To give an example, if we use ax/7 window for all three lowpass filters, & 5 for the
binary median filter, and & 3 for the nonlinear filter, the number of operations require

TABLE IV
Performance Comparison of Different Blind Inverse
Halftoning Algorithms

PSNR

Algorithm Ref.  Lena  Peppers Woman  Bike Cafe

Statistical [11]  31.00 29.30 NA NA NA
Wavelet [12] 31.50 30.43 NA NA NA
Adaptive [6] 31.33 29.03 29.56 22.64 22.03
Nonlinear [7] 31.26 28.96 29.21 2226 21.39
Proposed 31.62 30.82 29.60 2297 2241

Note NA, Not available. The data are not provided by the publi-
cation.
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TABLE V
Performance Comparison of Inverse
Halftoning Algorithms That Require
Knowledge of the Halftone Kernel

PSNR
Algorithm [Ref.] Lena Peppers
Statistical [11] 32.00 30.30
Wavelet [12] 31.67 30.69

per pixel is less than 500. The execution of the proposed algorithm proceeds in the r
scan fashion. Several rows are required for the filtering process. In this example, at
11 rows have to be buffered.

The complexity and memory requirements for several inverse halftoning schemes
compared in Table VI. The memory usage is the minimum number of data required
buffering to process one row of an image. The computational complexity is estime

(¢) Proposed (d) Wavelet

FIG. 7. Inverse halftoning results of the proposed technique (a and c) and results from the wavelet appt
in [12] (b and d).
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TABLE VI

Performance Comparison of Inverse Halfton-
ing Schemes in Terms of Complexity and Memory

Requirements

Algorithm [Ref.] Memory usage Complexity
POCS [3] a2 High
MAP [8] 8N?2 High
Wavelet [12] N? Med.
Adaptive [6] ™ Low
Nonlinear [7] 1N Low
Proposed 1 Low

from algorithms given in the corresponding citatitvow means a number fewer than 500
operations per pixelspediandenotes 500—2000 operations per pixel, higth means more
than 2000 operations required. Clearly, scan-based techniques such as our algorithn
a memory requirement that is proportional to image wiNthwhile frame-based methods
have to store the entire frame and their complexity is proportiongPtior an image of size
N x N. Furthermore, most frame-based techniques are iterative so that we have to b
several copies of the image. The wavelet approach requires the largest amount of me
buffer due to the use of overcomplete wavelet decomposition, and all bands created in
decomposition have to be buffered.

4.4, Other Diffusion Kernels

We also test our algorithm on halftone images generated by using the Jarvis kernel [4
the multiscale halftoning algorithm [5]. Results from the proposed method and two ot
blind inverse halftoning algorithms are compared in Table VII. Throughout these test
3 x 3 nonlinear filter with the Huber potential function is used in our algorithm. Threshc
T in the potential function is set to 2 and constraiht is set to 15. From Table VII, it is
clear that the proposed algorithm outperforms the two other methods for all test image

As discussed previously, the Jarvis kernel produces sharper edges at the price of
noise in homogeneous regions. We note that the Jarvis kernel produces higher col
edges. Lowpass filtering of these edges generates an enhanced version of the original
In our approach, the Huber function is used as a cost function. It allows a smoother t
sition of large discontinuities, leading to an edge that is closer to the original one. It e
produces better results in homogeneous areas since it is a quadratic cost function wh

TABLE VII
Performance of Blind Inverse Halftoning Algorithms Applied to
Halftone Images Generated by Different Error Diffusion Algorithms

PSNR
Halftone algorithm Proposed Adaptive [6] Nonlinear [7]
Jarvis
Lena 25.76 24.65 25.29
Peppers 25.42 23.91 24.35
Multiscale
Lena 28.29 26.73 28.16
Peppers 29.07 27.99 28.71
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residual is below threshol@. Multiscale error diffusion has a higher gain at edges the
Floyd—Steinberg diffusion. As a result, edges in the inverse halftone images from Jarvis
multiscale error diffusion methods are overly sharp.

We can draw the following conclusions based on experimental results presented ak

e The proposed method is more robust w.r.t. different error diffusion kernels. So
inverse halftoning methods with predesigned passbands may fail when halftoning algorif
perform visual enhancement such as the use of the Jarvis kernel.

e Compared to most other methods that are difficult to optimize for different halfto
images, our approach can simply replace the cost function in the nonlinear filter to ok
better results. This is one important advantage of the model-based filtering technique.

5. CONCLUSION

A blind inverse halftoning algorithm of low complexity was presented in this wor
The cascade of lowpass and nonlinear filters in conjunction with the edge enhance|
technique produce high quality inverse halftoned images at alow computational cost. Re
of the proposed technique are comparable to those obtained by sophisticated restor
based techniques, which often require information about the diffusion kernel. Besides
method is more robust to different error diffusion kernels than other blind inverse halfton
algorithms, since our nonlinear filtering is a model-based approach where the smoof
operation is based on a generic image model for an ideal image. The advantage of usir
technique is even more substantial when an image contains constant or slow varying
levels in large areas separated by sharp edges.
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