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ABSTRACT

“Model-based” halftoning techniques use models of visual perception and printing to produce high quality images
using standard laser printers. Two such model-based techniques are the modified error diffusion (MED) algorithm
and the least-squares model-based (LSMB) algorithm. Both produce images with high spatial resolution and visually
pleasant textures, but require more computation than conventional screening techniques.

Blue-noise screening is a dispersed-dot ordered dither technique which attempts to approximate the performance
of error diffusion with much faster execution time. We use printer and visual system models to improve the de-
sign of blue-noise screens using the “void-and-cluster” method. We show that, even with these improvements, the
performance of blue-noise screens does not match that of the model-based techniques.

We show that using blue-noise screened images as the starting point of the LSMB algorithm results in halftones inferior
to those obtained with MED starting points. We also use simulated annealing to try to find the global optimum of
the least-squares problem. Images found this way do not have significantly lower error than that resulting from the
simple iterative LSMB technique starting with MED. This result indicates that the simple iterative LSMB algorithm
with a MED starting point yields a solution close to the globally optimal solution of the least-squares problem.

1. INTRODUCTION

Digital halftoning is the process of generating a pattern of binary pixels that the eye perceives as a continuous-tone
image. Digital halftoning is necessary for display of gray-scale images in media where the direct rendition of gray
tones is impossible. Examples of such media include paper and binary CRT displays.

The most commonly used digital halftoning techniques are screening (ordered dither) and error diffusion [1]. In
screening, the image is compared pixel by pixel with a fixed threshold array. Thus, the required amount of com-
putation is minimal. Moreover, the computation can be carried out in parallel. Dispersed-dot screening techniques
produce images with better spatial resolution and fewer halftoning artifacts than clustered-dot techniques, but are
more sensitive to printer distortions. Error diffusion [2] produces images that are sharper and have better textures
than those produced by conventional screening techniques. However, in error diffusion, the output at each pixel
depends on previously computed values. Thus, it requires several operations per pixel which cannot be performed in
parallel. The standard error diffusion algorithm is also very sensitive to printer distortions.

Blue-noise screening attempts to approximate the performance of error diffusion with much faster execution time.
Two such techniques are the power-spectrum matching technique [3] and the “void-and-cluster” method [4]. As we
will see, it is a dispersed-dot ordered dither technique which attempts to minimize the visibility of noise and patterns
in the halftone image. Like all dispersed-dot techniques, blue-noise screening is very sensitive to printer distortions.

Recently proposed “model-based” halftoning techniques [5, 6, 7, 8] exploit models of visual perception and printing
to produce high quality images using standard laser printers. One such model-based technique is the modified error
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Figure 1: Model-based halftoning

diffusion (MED) algorithm [5, 6], which uses a printer model to account for printer distortions. Another technique
is the least-squares model-based (LSMB) algorithm [7], which minimizes the squared error between the perceived
intensity of the continuous-tone original image and the perceived intensity of the printed halftone image. Both
techniques produce images with high spatial resolution and visually pleasant textures, but require considerably more
computation than conventional screening techniques.

In this paper we propose using the ideas of model-based halftoning to improve the design of blue-noise screens.
Specifically, we use models of the human visual system to assess the perceived “flatness” of the halftone patterns
made at different gray levels when designing a screen. We also use a printer model to account for dot-overlap and
other distortions introduced by laser printers. We compare the performance of model-based techniques and blue-noise
screening both visually and using the error criterion of the LSMB algorithm. We show that, even with the above
improvements, the performance of blue-noise screens does not match the quality of the model-based techniques,
especially in the presence of significant dot-overlap. In particular, MED produces images that are sharper and have
better textures than those produced by blue-noise screening.

The globally optimum solution of the LSMB problem is difficult to find, because the number of all possible halftones is
too large. Least-squares techniques rely on iterative procedures that find a local optimum. Thus, the visual quality
of the halftone images obtained by the LSMB algorithm depends strongly on the starting point. The halftones
obtained with a MED starting point are typically better than those of most other starting points, both visually and
according to the error criterion. We use the halftone image produced by the blue-noise screen (with a printer model)
as a starting point for the LSMB algorithm and show that the resulting images are still inferior to those obtained
with the MED starting point. Since the sharpness of the LSMB halftones does not depend on the starting point,
this demonstrates that the blue-noise screen produces textures that are inferior to those produced by error diffusion.

We also use simulated annealing in an attempt to obtain the global optimum of the least-squares problem. This
technique allows some increases in the squared error in early iterations, steadily decreasing the number of increases
allowed until a minimum is reached. We found that simulated annealing results in a minimum error that for most
images is not significantly lower than the minimum error found using the simple iterative technique starting with
MED. Thus, our results indicate that the simple iterative LSMB algorithm with a MED starting point is very close
to the globally optimal solution of the least-squares problem.

The remainder of this paper is organized as follows. Section 2 is a review of model-based halftoning techniques. In
Section 3, we examine blue-noise screens and model-based extensions. Section 4 considers using blue-noise screens as
starting points in LSMB halftoning, as well as simulated annealing solutions to the LSMB problem. The conclusions
are summarized in Section 5.

2. MODEL-BASED HALFTONING

A halftoning algorithm generates a binary pattern of pixels which is printed and perceived by the eye. Model-based
halftoning techniques exploit models of the printer (or other display device) and visual perception to produce high
quality images. This is illustrated in Fig. 1.

2.1. Eye models

Halftoning relies on the fact that the eye acts as a spatial low-pass filter. The eye models we consider in this paper
are based on estimates of the spatial frequency sensitivity of the eye, often called the modulation transfer function
(MTF). A typical estimate of the MTF was obtained by Mannos and Sakrison [9]

H(f) =2.6(0.0192 +0.114 f) exp { —(0.114 f)*!} (1)
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Figure 2: Eye MTF and FIR approximation

where f is in cycles/degree. This function is plotted in Fig. 2(a) by the dotted line.

A simple eye model [7] consists of a two-dimensional finite impulse response (FIR) filter. This model was obtained
as a separable combination of one-dimensional approximations to the MTF of Eq. (1). The frequency response of
the one-dimensional filter used in [7] is shown in Fig. 2(a) and (b) as a solid line; the impulse response is shown
in Fig. 2(c). Note that the frequency response of this filter does not decrease at low frequencies, that is, it does
not model the Mach-band effect. However, modeling of the Mach-band effect does not have an effect on halftoning
algorithms that are based on an eye model [7]. In fact, the frequency response of this filter is very close to the MTF
proposed by Daly [10, 11], which is plotted in Fig. 2(b) as a dotted line.

2.2. Printer models

Laser printers are capable of producing black dots on a piece of paper, usually on a rectangular grid. Most halftoning
techniques assume that the printed black dots are square. However, most printers produce roughly circular black
dots, as shown in Fig. 3. Thus, there is overlap between adjacent dots, and black dots cover adjacent space that
should be white. This results in significant distortion in the printed images. Conventional methods, e.g. “classical”
screening, are designed to be fairly robust to printer distortions at the expense of spatial and gray-scale resolution.
Rather than trying to resist printer distortions, model-based techniques [5, 7] exploit the characteristics of each
particular printer to increase both gray-scale and spatial resolution.

In this paper we will use the following notation. The printer is controlled by an Ny x Ny binary array [b; ;], where
b;,; = 1 indicates that an ink dot is to be printed at pixel (i,7) and b; ; = 0 means that no ink dot is to be printed.
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Figure 3: Circular dot-overlap model

The pixel (i, ) is located 4T inches from the left and 57T inches from the top of the image, where T is the dot pitch
(in inches) of the printer. The resolution of the printer is 1/T dots per inch (dpi).

Model-based halftoning techniques depend on accurate printer models to exploit the printer characteristics. A general
class of such models was introduced in [5, 6]. According to this model, the gray level produced by the printer in the
vicinity of site (¢,j) has a constant value p; ; that depends on b; ; and neighboring bits. Thus, the printer model
takes the form

pij = P(Wi) (2)

where W; ; denotes the bits in some neighborhood of b; ; and P is some function thereof. A simple but very effective
printer model is the “circular dot-overlap” model [5, 6] which assumes that the dots are circular as shown in Fig. 3.
Alternative printer models can be found in [12, 13].

We now review two model-based techniques, the modified error diffusion (MED) algorithm [5, 6] and the least-squares
model-based (LSMB) algorithm [7, 8]. We will use the following notation. We use [z; ;] to denote a gray-scale image,
where z; ; denotes the pixel located at the i-th column and the j-th row of a Cartesian grid. The typical gray-scale
resolution is 28 = 256 levels; we use a normalized scale in the interval from 0 = white to 1 = black. We assume that
the image has been sampled so there is one pixel per dot to be generated. Thus the gray-scale image array [z; ;]

and the binary image array [b; ;] have the same dimensions. In our experiments, we used a 300 dpi HP LaserJet II
write-black printer and a 400 dpi Data Products LZR 1560 write-black printer.

2.3. Modified error diffusion

Error diffusion [2] is a halftoning technique that produces sharper images than conventional screening techniques.
The standard error diffusion algorithm is very sensitive to printer distortions, however. Stucki [14] was the first to
suggest using a dot-overlap model to account for printer distortions. In [5, 6] Pappas and Neuhoff showed that, by
incorporating a printer model into error diffusion, it is possible not only to correct for the effects of printer distortions
but also to take advantage of them to produce more gray levels. We refer to the resulting algorithm as modified
error diffusion.

A block diagram of the MED algorithm [5, 6] is shown in Fig. 4. Without loss of generality, we assume that the
image is scanned left to right, top to bottom. The binary image [b; ;] is obtained by thresholding a “corrected” value
v;,; of the gray-scale image. The MED algorithm uses a printer model to estimate the gray level p; ; of the printed
pixels. The difference between this gray level and the “corrected” gray scale image is defined as the error e;; at
the location (4, j).> Previous errors are low-pass filtered and subtracted from the current image value z; ; to obtain
the “corrected” value of the gray scale image. The threshold ¢ is typically fixed at 0.5, the middle of the gray-scale
range. In the examples of this paper we use the error diffusion filter proposed by Jarvis, Judice and Ninke [15].

The modified error diffusion equations are [5, 6]:

2In the standard error diffusion algorithm, the errors are calculated under the assumption that the printed pixels are either perfectly
black or perfectly white, and thus their gray value is equal to the binary value assigned to the output pixels.
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1, if Vij > t
bij { 0, otherwise (4)
ei;zj,n = pihj,n — Um,n for (man) =< (Za]) (5)
where (m,n) < (i,7) means (m,n) precedes (i, j) in the scanning order and
Prin =PWrily) for (m,n) < (i, ) (6)

where Wi, consists of by, , and its neighbors as in Eq. (2). Here the neighbors by; have been determined only
for (k,I) < (4,5); they are assumed to be zero (i.e. white) for (k,1) = (i,j) [5, 6]. Since only the dot-overlap
contributions of the previous pixels can be used in (6), the previous errors keep getting updated as more binary
values are computed. This is why the error and the printer model output depend on the location (i,j). The
assumption that the undetermined pixels are white leads to a bias in the gray scale of the printed image. This bias
is very small and difficult to detect in practice. However, to eliminate any bias, we use the multi-pass version of the

modified error diffusion algorithm [12, 13].
2.4. Least-squares model-based halftoning

LSMB halftoning exploits both a printer model and a model of visual perception. It produces an “optimal” halftoned
reproduction, by minimizing the squared error between the output of the cascade of the printer and visual models in
response to the binary image and the output of the visual model in response to the original gray-scale image. This
is illustrated in Fig. 5. The original gray-scale image is denoted by [z;;]. We seek the halftone image [b; ;] that
minimizes the squared error

E= ) (21 —wi;)? (7)
where 1,5
Zij = Tij * hy j, w;j = Pij * hij = P(Wij) * hij, (8)

W;, ; consists of b; ; and its neighbors as in Eq. (2), and * indicates convolution. Note that we have allowed different
impulse responses h; ;, h;’ j for the eye filters corresponding to the halftone and continuous-tone images. In fact, we
found that when we do not filter the gray-scale image, the resulting halftone images are sharper. The boundary
conditions assume that no ink is placed outside the image borders.

The least-squares solution can be obtained by iterative techniques [7]. Such techniques find a solution that is only a
local optimum; the visual quality of the resulting halftone images depends strongly on the starting point. In [7], it
was shown that, with an eye filter designed for a viewing distance of 30 inches and a printer resolution of 300 dpi, the
starting point obtained using the multi-pass MED algorithm produces halftone images that are better both visually
and according to the error criterion. In Section 4, we will consider alternative starting points. In this paper, we will
use the iterative scheme that was used in [7], whereby the binary image is updated one pixel at a time, in a raster
scan. At each pixel location this scheme minimizes the squared error

Eij = (21j — wij)” 9)

We will refer to this as the simple iterative scheme. In Section 4, we will also attempt to find the global optimum of
the least-squares problem using simulated annealing.
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Figure 5: LSMB halftoning
2.5. Halftoning quality measure

Given an original gray-scale image [z; ;], a halftone image [b; ;], a printer model, and an eye model, we can define
the following measure of halftone image quality

E= — Z (zz-,j—w,-vj)2 (10)

(i,5)€A

where z; ; and w; ; are given by Eq. (8) and A is a subset of the image containing N pixels. This is the average of
the squared error that the LSMB algorithm minimizes. Usually A does not include the boundary pixels to avoid
biases due to edge artifacts.

Note that this image quality metric takes into account the characteristics of both the display device (printer) and
the human visual system. Thus, it is expected to be a much better measure of halftone image quality than plain
least-squares, which does not yield meaningful results when comparing binary (halftoned) images to 8-bit original
images. However, as we will see in Section 4, the halftone quality measure still has limitations, since it is very difficult
to capture the quality of an image using a single number. More elaborate models have been proposed, e.g. in [16].

3. BLUE-NOISE SCREENS

Blue-noise screening attempts to approximate the performance of error diffusion with much faster execution time.
It is a dispersed-dot ordered dither technique which attempts to minimize the visibility of noise and patterns in the
halftone image. First, we examine the void-and-cluster method in detail.

3.1. Overview of the void-and-cluster method

The void-and-cluster method for designing halftoning screens was developed by Ulichney [4]. This technique builds a
screen one level at a time by adding a point to the screen in the center of the largest “void” present at any given level,
or removing a point from the screen at the center of the tightest “cluster.” The qualities of the screen depend heavily
on the “initial binary pattern,” the original pattern to which pixels are added or from which they are removed.

In [4], Ulichney forms the initial binary pattern by starting with a random pattern where 10% of the pixels are
black, and the rest white. This pattern is then rearranged by successively adding a pixel to the largest void and
then removing a pixel from the tightest cluster. This process is repeated until the pixel added to the largest void is
immediately removed because it becomes the center of the tightest cluster. Ulichney determines the largest void by
finding the white pixel location that has the highest (lightest) value after filtering the pattern with a two-dimensional
Gaussian filter with standard deviation o = 1.5 pixels. The tightest cluster, similarly, is defined as the black pixel
location with the smallest (darkest) value after Gaussian filtering.

The rearranged initial binary pattern is then used to form a screen by iteratively adding black pixels. Pixels are
added to the pattern one at a time at the largest void, and the threshold value of the screen at the corresponding
location is the number of black pixels in the current pattern. This process is repeated until all pixels are assigned to
black. The thresholds below the value of the initial binary pattern are determined by removing pixels from the initial
binary pattern one at a time from the center of the tightest cluster, and assigning to that pixel location in the screen
the appropriate threshold. The threshold values in the screen must be normalized to the appropriate grayscale for
the images it operates on before it is used for halftoning. Actually, Ulichney inverts the pattern when the number of
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Figure 6: 32 x 32 initial binary patterns (no dot overlap)

black pixels becomes equal to the number of white pixels, and continues building the screen by removing black pixels
instead of adding them. This is equivalent to continuing to add black pixels to the largest void because the Gaussian
operator is linear; finding the location of the minimum of the filtered image is the same as finding the location of the
maximum of the filtered values of the inverted image.

3.2. Initial binary pattern

An example of an initial binary pattern obtained by Ulichney’s rearrangement method is shown in Fig. 6, which is
printed at 100 dpi and assumes perfect printing (no dot overlap). Although the perceived gray level of this pattern is
fairly constant, the periodic pattern of the screen is noticeable. In an attempt to improve the initial binary pattern
used for blue-noise screen generation, we developed an algorithm using simulated annealing for finding the initial
pattern based upon the work of Sullivan, Ray, and Miller [11]. Periodicities in the resulting pattern, also shown in
Fig. 6, are significantly less noticeable than for the pattern rearranged by Ulichney’s method.

The simulated annealing algorithm tries to match the perceived gray level of the pattern as closely as possible
to a constant level that is chosen in advance. Beginning with a random pattern, the algorithm filters the image
with either a Gaussian filter or eye model (see Section 3.3 below). At each point, the “current” error between the
filtered (perceived) image and the desired constant image is computed, and the “new” error is computed for the
case where the value of the current pixel is switched to its opposite. The difference between the new and old errors,
A = (new_error — old_error), is used to compute the value ¢ = exp(—A/7), where 7 represents a “temperature”
factor that is initially set quite large so that ¢ is initially small for most values of A. If the new error is less than
the old error (A < 0 and therefore ¢ > 1), the pixel is changed. Otherwise, a uniformly-distributed random number
between zero and one is generated; if it is less than or equal to ¢, the change is accepted, and if it is greater than ¢,
the change is rejected. This process is repeated for every pixel in the pattern, and then the entire process is repeated
with the temperature decreased to k7, where k is a constant less than 1 (usually 0.95 < x < 0.99). At each iteration,
pixel changes that increase the error between the filtered and the constant image are less likely to be accepted. The
process is stopped when the number of changes made to the pattern during one iteration is zero. The values of 7
and « used to create the pattern in Fig. 6 are 7 = 75 and k = 0.95.

3.3. Model-based blue-noise screens

We will now use the ideas of model-based halftoning to optimize the design of blue-noise screens (BNS). Specifically,
we propose using the printer and visual system models to optimize the design of blue-noise screens.

In [4], Ulichney uses a two-dimensional Gaussian filter with ¢ = 1.5 as a “void-and-cluster-finding filter.” The goal
of his algorithm is to find the largest voids and tightest clusters, which are presumably the areas in a pattern that
appear lightest and darkest, respectively. Another way to find these locations is to use the eye model described in
Section 2, which is a two-dimensional FIR filter. We use this eye model as the filter for finding the initial binary
pattern and for designing the screen using the void-and-cluster method. This bases the technique on an established
model of visual perception, and provides justification for using the filter to find voids and clusters.
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Figure 7: Perfect printer case (no dot overlap), 32 x 32 screens
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In Fig. 7, images halftoned using 32 x 32 blue-noise screens designed using Ulichney’s method (a) and the eye model
with a simulated annealing starting point (b) are compared to a halftone made by error diffusion (c). The test image
is a section of the 512 x 512 “Lena” image. This figure is also printed at 100 dpi and assumes perfect printing. The
two screened images are similar, while the error diffusion halftone (as we will discuss below) is much sharper. The
halftoning quality measure (see Section 2.5) supports this conclusion, as the screened images have virtually the same
value for the measure, while the error diffusion result has a significantly lower value. Fig. 8 illustrates why the results
of the eye model based screen and Gaussian filter based screen are not much different. At a viewing distance of 30
inches, the impulse responses of the eye model and the Gaussian filter with o = 1.5 are virtually identical.

Fig. 9 demonstrates the effect of printer distortions on various halftoning techniques. It is printed at 100 dpi using
simulated dot overlap with dot size p = 1.25. It approximates the printer distortions of a typical 300 dpi printer
magnified by a factor of 3. Fig. 9(a) shows an image that has been halftoned using a “classical” screen [1], which
resists printer distortions at the expense of spatial resolution. Thus, this image indicates approximately what the
correct gray level appearance should be, although image details are missing. Fig. 9(b) shows an image that has
been halftoned using an 128 x 128 blue-noise screen without any compensation for printer distortions. This image is
obviously too dark.

An obvious way to compensate for such printer distortions is to use the printer model of [5, 6] to modify the thresholds
of an already designed screen.® Roetling and Holladay [17] did this, using a circular dot-overlap model. Actually,
Roetling and Holladay went a step further, also using the printer model to optimize screen design. Our goal is similar,
that is, to use the printer model of [5, 6] and the eye model of [7] to optimize the design of blue-noise screens using
the void-and-cluster method. Note that the printer compensated screens work like regular screens; that is, there is
no increase in the number of computations. A different screen is required for each printer, however.

3Modifying the screen thresholds is equivalent to modifying the gray levels of the original image to match the scale created by the
different binary patterns that a screen produces.
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Figure 10: Blue-noise screen comparisons (128 x 128 screens, p = 1.25 dot-overlap)

We apply the printer model described in Section 2 to the binary patterns before filtering with the eye model at
each step of the void-and-cluster method, and also use the printer model to calculate the correct threshold value for
each pattern in the blue-noise screen. We will refer to screens designed in this manner as model-based blue-noise
screens. Fig. 9(c) is the result of blue-noise screening with a (128 x 128) screen designed using the printer model with
the appropriate dot size. This image is clearly superior to both the classical screen and uncompensated blue-noise
screened image; this result is backed up by an order of magnitude improvement in halftone quality measure for the
compensated screened image. The MED result, shown in Fig. 9(d), is even better, however, as we discuss below.

Fig. 10 illustrates the difference between using the printer model to modify the thresholds of a blue-noise screen and
integrating the printer model into the screen design. This figure is printed at 100 dpi using simulated dot overlap
with p = 1.25. The halftoning quality measure is only slightly lower for the integral screen designs, and the halftoned
images are visually almost indistinguishable. This example also shows that it makes little difference whether we
use the eye model or the Gaussian filter suggested by Ulichney. The difference between the compensated blue-noise
screens and integrating the printer model into the screen design is also illustrated in Fig. 11, which shows a gray-scale
ramp halftoned by the two screens and the MED algorithm. This figure is printed at 133 dpi using simulated dot
overlap with dot size p = 1.25. It approximates the printer distortions of a 300 dpi printer magnified by a factor
of 2.25. Here, the quality metric indicates that the integral screen design outperforms the compensation technique.
Indeed, the image generated using the “integral” screen appears to be smoother than the “compensated” screen
image. However, this can only be seen in the magnified figure; at 300 dpi, the textures of the two screened images
are nearly identical in appearance. Modified error diffusion creates much smoother textures than screening in this
example also, and the quality metric values support this conclusion.
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3.4. Blue-noise screens and MED

As we saw in Fig. 7, the error diffusion halftones are much sharper than those produced by blue-noise screens. The
texture that error diffusion produces is also a lot smoother. This is reflected in the halftoning quality measure of
Section 2.5. Fig. 9(d) shows the result of the modified error diffusion algorithm (which also accounts for printer
distortions) in the presence of p = 1.25 dot overlap. Again, the MED result is sharper and has smoother texture
than the screened image, and its halftone quality measure is the lowest of the four techniques shown in Fig. 9. Fig. 11
compares the two blue-noise screens to MED. Notice that the MED image has much smoother texture and results
in significantly lower (better) value of the quality measure. Since the test image is a gray-scale ramp which has no
sharp boundaries, the error criterion reflects this texture difference.

Another difference between blue-noise screening and modified error diffusion is the visibility of artifacts due to the
periodic nature of the screens. The visibility of such periodic artifacts depends on the printer resolution and the
viewing distance, as well as on image content. An image of a grayscale ramp will often show any artifacts in a
screen, as large areas have similar gray levels. Fig. 12 illustrates the periodicity artifacts of a 32 x 32 and a 128 x 128
blue-noise screen on a grayscale ramp, and compares them to the MED algorithm, which is free of such artifacts. This
figure is printed at 133 dpi using simulated dot overlap (p = 1.25) and approximates the printer distortions of a 300
dpi printer magnified by a factor of 2.25. Note that the 128 x 128 screen is sufficiently artifact-free. We found that at
300 dpi, the period of the screen must be at least 128 x 128 for the artifacts to be unnoticeable. However, at 600 dpi,
the artifacts of the 128 x 128 screen become visible; they could be eliminated with a bigger screen. Unfortunately, the
halftone quality metric does not measure the visibility of periodicity artifacts, so it cannot distinguish the difference
between the 32 x 32 and 128 x 128 screens. However, as we saw in the other examples, the metric does successfully
predict the fact that MED creates smoother textures than blue-noise screening.

The above examples demonstrate the superiority of the MED algorithm both visually and in terms of the error
criterion. This is expected, since the blue-noise screening algorithm is a lot more constrained than error diffusion.
The constraints affect both the smoothness of the texture (i.e. visibility of the halftone patterns) and the sharpness
of the image.

4. BLUE-NOISE SCREENS AND LEAST-S UARES MODEL-BASED HALFTONING

In this section we consider different solutions to the LSMB problem and evaluate their performance both visually
and according to the error criterion.

4.1. Starting points for LSMB halftoning

The LSMB halftoning algorithm described in Section 2.4 requires an initial binary image as a starting point. This
starting point may be any binary pattern that has the same size as the desired halftone; a random starting point
may be used, as may the output of a screening or error diffusion algorithm. Since the LSMB algorithm does not find
the global minimum of the least-squares problem, different starting points lead to different solutions (local minima
of the problem). Fig. 13 shows the results of the LSMB algorithm (simple iterative scheme) with a random starting
point, a blue-noise screen starting point, and a modified error diffusion starting point. It is printed at 100 dpi using
simulated dot overlap with dot size p = 1.25. The LSMB algorithm with a MED starting point results in the least
error, while the quality metric values for the random start and blue-noise screen start are significantly higher and
very close to each other. isually, the random and BNS starts look grainier, considerably more at 300 dpi than at
the simulated 100 dpi of the figure. This is yet another indication that the halftone textures created by the MED
algorithm are better than those of blue-noise screening.

4.2. LSMB halftoning with simulated annealing

The LSMB algorithm finds only a local minimum to the least-squares halftoning problem when using the simple
iterative scheme. In an attempt to find the global minimum of the problem, we have used the simulated annealing
procedure described in Section 3.2. A similar procedure was used to solve the LS problem in [18]. The results
for different starting points are shown in Fig. 14, which is also printed at 100 dpi using simulated dot overlap with

In Section 3. , the simulated annealing procedure was applied to a constant image here it is applied to any image.
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(a) random (b) model-based BNS (¢) multi-pass MED
E =98.39 E =101.98 E = 87.68

Figure 13: LSMB: simple iterative scheme with different starting points (p = 1.25 dot-overlap)

(a) random (b) model-based BNS (¢) multi-pass MED
E =289.77 E =89.79 E =83.33

Figure 14: LSMB: simulated annealing with different starting points (p = 1.25)

p = 1.25. The initial temperature was 7 = 75 and the decay constant was k = 0.95. The three images that result are
virtually indistinguishable, and the values of the quality metric are all very close. The quality metric also indicates
that the simulated annealing results are better than most of the other halftoning techniques we tried, including the
simple iterative LSMB scheme. However, the simple iterative LSMB algorithm with a MED starting point yields
almost the same value of the quality metric as the simulated annealing results. This indicates that the simple
LSMB with a MED start produces a halftone that is very close to the global optimum of the least-squares halftoning
problem, without resorting to computationally expensive annealing methods. Therefore, when we perform least-
squares model-based halftoning of an image starting with a modified error diffusion halftone, we can be confident
that the results are about the best that can be achieved using the least-squares criterion and the eye and printer
models as defined in this paper. Further improvements may be possible with changes in the halftone quality metric
and the printer and eye models.

5. CONCLUSIONS

In this paper, we considered ways to refine the performance of blue noise screens for image halftoning by applying
printer and visual models to the void-and-cluster screen design process. The printer model enables the design of blue
noise screens that convert grayscale images directly to halftones that can be printed without distortion. Although
the resulting screens perform quite well, the quality of the screened halftones still does not match that of halftones
created by the modified error diffusion algorithm. Since error diffusion is able to adapt to edges, it results in noticeably
sharper images than blue noise screening. In most cases the error diffusion textures are also more pleasing than the
blue noise screen textures.

We also considered different solutions to the least-squares model-based halftoning problem, which uses models of
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the printer and the human visual system together with a quality metric to convert the halftoning problem to a
least squares problem. Solving this problem using a simple iterative scheme leads to high-quality halftones, but the
quality of these halftones depends strongly on the starting point used for the algorithm. Typically, a modified error
diffusion starting point gives the best results. This is another indication that error diffusion textures are superior
to blue-noise screen textures. Using simulated annealing, we can approach the globally optimal solution of the least
squares problem; we have found that this result is very close to the solution found using the simple iterative scheme
and a modified error diffusion starting point. Further progress in halftoning using printer and eye models will require
improvements in the models and in the quality metric used to evaluate the distance between the perceived halftone
and the original image.
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