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Figure 1: With our greedy approximation approach we create one or several mono-colored, continuous lines that, when viewed at close
range, seem chaotic and random, but reveal meaningful image content when viewed from a distance. The left two images are inspired by work
of the artist Kumi Yamashita, while the right two pieces followgbebbleart style.Please use the digital version to zoom into the images

to observe individual lines.

Abstract

The automatic creation of digital art has a long history in computer graphics. In this work, we focus on approximating input
images to mimic artwork by the artist Kumi Yamashita, as well as the popular scribble art style. Both have in common that
the artists create the works by using a single, contiguous thread (Yamashita) or stroke (scribble) that is placed seemingly at
random when viewed at close range, but perceived as a tone-mapped picture when viewed from a distance. Our approach
takes a rasterized image as input and creates a single, connected path by iteratively sampling a set of candidate segments
that extend the current path and greedily selecting the best one. The candidates are sampled according to art style specic
constraints, i.e. conforming to continuity constraints in the mathematical sense for the scribble art style. To model the perceptual
discrepancy between close and far viewing distances, we minimize the difference between the input image and the image created
by rasterizing our path after applying the contrast sensitivity function, which models how human vision blurs images when
viewed from a distance. Our approach generalizes to colored images by using one path per color. We evaluate our approach on
a wide range of input images and show that it is able to achieve good results for both art styles in grayscale and color.

CCS Concepts
» Computing methodologies Non-photorealistic rendering® Applied computing! Media arts;

1. Introduction on a white board and winding a single black thread tightly around
the nails. By varying the density of the black thread, different re-
One of the many aspects of art is that artists will constrain them- gions of the image are perceived to have different shades of gray, al-
selves in the creation of their art. For example, the Japanese artisfowing the creation of what is essentially a grayscale image. Using
Kumi Yamashita Yam13 Yam14 creates portraits by placing nails ~ multiple continuous strings, each with a different color, Yamashita
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has also created a colored string art pie@nilqg. Some of her art- allow the creation of images that nevertheless appear to have con-
work is shown at her websitgtp://kumiyamashita.com/portraits tinuous color levels when viewed from a distance. Similarly, in our
method a set of discretely colored paths is created that only com-

Similarly, the art style commonly referred to ssribble arthas . . . :
. bine to shape a colored image when viewed from a distance.
analogous constraints. Here, the works are usually created by the

artist by placing t_he pen (_or often pencil) on _the paper only once Style Transfer

and drawing the image with one single, continuous stroke. When

viewed from a close range, the strokes are placed seemingly at ran-Since we create Yamashita- or scribble-style images, our method
dom, giving it a dynamic, chaotic look. But when viewed from a is related to the eld ofstyle transfer Classical approaches like
distance, the image content becomes clear. Both Yamashita's work,[EF0L,HJO 01, PHWF0] work by recreating an image by placing
and the scribble art style have in common, that they are createdpatches from another — possibly synthetic — image onto another.

using a single, continuous path that locally seems to be almost ran-Nowadays, a large number of works exist that approximate an input
dom. image in a particular style using neural networks. An overview of

) ) . which can be found in]YF 20]. However, in this paper we propose
Although the scribble art style is well established, and a cOm- 5 method that approximates an input image by sequentially gener-
mercial business\ir23] even fabricating similar pieces for the  a4ing 3 path under a set of constraints. We will therefore focus on

Yamashita art style, there is a notable relgtlve scarcity of scienti ¢ previous work that also generate paths for the automatic synthesis
research focused on the automated creation of such works. of various art-styles.

In this work, we present how to create paths that approximate
the style used for Yamashita's works, as well as the scribble art Path-based Methods
style. More speci cally, the input is a rasterized image, either in Our proposed method falls into the categorypath-basedneth-
grayscale, or color, and the output is one or more mono-colored ods. Here, a single, continuous path is generated to approximate an
paths that depict the content of the input image in one of the two input image. Kaplan and BoscKBO05] propose a method where
styles. This enables the creation of highly customizable artistic the path is created as the solution of a traveling salesperson prob-
pieces even for those with little artistic experience or skill. lem (TSP). Nodes of the graph are rst distributed according to a

In a mathematical sense, this can be formulated as a challeng-dithering algorithm (an overview can be found ldilip0]), which

ing optimization problem, where the goal is to minimize the differ- &/réady produces a reasonable approximation of the input image.
ence between the input image and a rendered image of the output’Sing @ standard TSP solver, they then connect the nodes via a sin-
path subject to some style speci ¢ constraints. Instead of trying 9!€: Never intersecting path of linear segments, which is used to rep-
to exactly solve this optimization problem, we propose a greedy '€Sent the input image. Extending this method to produce images
approximation. After an initialization, we select the best path con- N the scribble art-style, Chiu et aC[LC19] initially create a TSP
tinuation from a set of candidate extensions to our path. Each can-Path and then.transform the resultlng Ilne.ar segments into a scribble
didate extension is already subject to constraints imposed by thelMage. For this, they model a rotating disk that traverses the TSP
corresponding art style. Because the image content is only rec- path _at the dlsk_genter with a virtual pen attached to the borde_r of
ognizable when viewed from a distance, we model the human vi- the disk. In addition to the node density, they modulate the radius,
sion system response by applying ttentrast sensitivity function velocity, r_:md normal of_the di_sk along the path to approximate the
(CSF) MK88, JF03 to both the input image and a rasterization local Iumlnan(_:e of the input image. Lo et dlLLiC19] f_urther im-

of the current path image including the candidate. This allows us Prove upon this by rst selecting a set of representative colors from
to then compute a pixel-wise distance measure in a suitable colort€ target image and then drawing multiple colored layers of the
space between both images to determine which candidate offers the>criPbles with CLLC13] to create scribble art.

best approximation. By creating multiple paths (each with a differ-  More in the context of actual physical fabrication, Birsak et al.
ent corresponding single color), our method is able to also produce [BRWM18] propose a method that creates artworks from a single,
colored images, too. To summarize, we contribute: continuous string. To this end virtual nails are placed on a circu-
lar border. Their algorithm then greedily adds or removes linear
segments between the nails on the boundary until the perceived im-
age cannot be approximate the input any better. The resulting path
can then be manufactured using a robot. The authors show, how-
ever, that the approximation quality cannot be uniformly distributed
across the image. Therefore, they propose that saliency maps are
used as additional input by the user to specify regions where good
2. Related Work approximations are desirable.

An algorithm to greedily approximate a variety of continuous
stroke-based art styles

A constraint-aware sampling strategy to incrementally create
constrained paths

The approximation of both grayscale and colored images

Halftoning Note that there exist commercial products in this eld. The
WireStyle GMBH[Wir23] automatically creates artworks that are

In the eld of computer graphics, there has been extensive work "~ - .
on how to represent images when only a few discreet colors are §|m|lar to the pieces created by the artist Yamashean13. They

available. By varying the size, density, or pattern of discreetly col- gwlserkttarl]setgf nails ":Lo a Wh't.? p;lastlc boa_lrd :;md thfn spana single
ored dots or stripes, halftoning[i87, MP92 LAG98, LA18], stip- ackthread across these nails 1o approximate customer images.
pling [PFS03MARI17], or hatching £1SS04 PHWFO] methods Our method differs from these works in several ways. In the
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spirit of Yamashita Yam13 we distribute the nodes that are to  top-most curve, and curves that have previously crossed the same
be visited uniformly and do not rely on a dithering step to ap- position. For the optimization problem, this further increases the
proximate the input image. We are able to do so, because unlike space of possible con gurations: There is a combinatorial degree

in [KBO5, CLLC15, LLC19], our method aims to compute and
minimize an image approximation error. Furthermore, the method
by Birsak et al. BRWM18] is restricted to circular placements of
nodes. Similarly to Lu et alLLC19], our method is able to produce

of freedom, in which order to draw different lines that cross the
same position. For our greedy approximation, we do not explicitly
handle this degree of freedom. However, because the curves are
extended in a round-robin fashion, it is possible for a curve to visit

colored images. However, our method does not rely on selecting athe same region again after it has been visited by another path color.
different set of colors per input image. Rather, by making use of
the image approxmaﬂon error, our approagh is gble to reproducess.l- Color Choice
different images with the same set of colors in various art styles.

For a given point, the perceived color when viewed from a distance
is a linear combination of the colors of the surrounding region. This
in combination with no per-pixel blending of colors means that if
we want to be able to represent the entire RGB cube, we need to
be able to represent each of its corners. In practice that means,
that for atrue color mode we have one color represented by the
background, and seven paths, each with the color of one of the re-
maining seven corners. In our experiments, we chose a white back-
ground and have colors in red, green, blue, cyan, magenta, yellow,
and black.

3. Image Approximation Algorithm

Since our algorithm handles two distinct art styles, we will rst
give an overview of how it works in general, including a problem
de nition. We will then go into more detail on how to customize it
for the Yamashita and scribble art styles.

3.1. Problem De nition

The general setup can be formulated as a global optimization prob-
lem: The goal is to approximate an input image for a given canvas .
size and viewing distance with a single or multiple paths that are 3.4. Yamashita Style

at leastC® continuous. In the case of the Yamashita style this path To imitate the art style used by Yamashita, we must have a closer

.CO.HSiSIS of contiguous line segments gnd fo_r the scribble art style look at how her artwork is created: For grayscale images, a single,
Itis a smooth curve. For the_ sake of simplicity, let us start by as- continuous thread is tightly spun around a set of nails that have
suming that we have just a single bl_aCk path on Whlte_backgrognd, previously been nailed into a white wooden board that serves as
which is the use-case for grayscale images. The task is then: Find abackground. The artist also created colored work, where multiple

path that minimizes some error measure between the target imagestrings, each with a different color, are used in the same manner.

and the image created by rasterizing the path subject to pOSSibleTogether, they blend into different shades of colors when viewed
additional constraints that vary depending on the art style.

from a distance. Regarding our method, we can derive at least two
constraints:

3.2. Greedy Approximation We can only connect lines to a discrete set of nail positions

Each line must be a single, linear segment, since Yamashita
tightly wraps the string around two nails to connect them

Consider the setting (similar to Yamashita) where the possible end-
points of line segments are restricted to a xed sataif positions.

We then have to nd a contiguous path that visits these positions in
such a manner that the perceptual difference to the input image is
minimized. In this case, nding the best path is a challenging com-
binatorial problem. Since it is not feasible to exactly solve the task,
our algorithm employs a greedy strategy by building the path in an 3.4.1. Nail Generation
iterative manner:

To synthesize images of the same style, we emulate this manual
process.

We start by generating a set of nails that stay xed for the remain-

1. Initialize the path with goodstarting position der of the process. In Yamashita's work, the nails are evenly, but not
2. Atthe current position, sample a set of path candidates that ex-regularly distributed, similar to Blue noise or low-discrepancy sam-

tend our path according to style speci ¢ constraints pling [APC 16]. For similar results, we employ a strati ed sam-
3. Evaluate a global error measure for each path candidate pling strategy. This means that we divide the image into a regular
4. Select the best candidate if it improves the global error grid and sample a nail position per grid cell. The resolution of the
5. Repeat steps 2. to 4. until termination criteria are met grid is a user parameter. In FiguFfewe show the same image with

different grid sizes. While placing the nails in a uniform random
fashion in each grid cell gives a good pseudo-uniform sampling
of the image plane, we found that the image approximation im-
To extend the approximation to use multiple colors, we add one proves, if nails are placed on the pixel with maximal gradient mag-
path per used color. We then perform the initialization for every nitude in each grid cell. The intention is that important features are
path color and advance the paths in a round-robin fashion. In our aligned with the gradient of the image. Placing nails on the gradient
setting, we assume that the last drawn curve determines the coloraxima allows string connections along feature lines that cross cell
at its position. In other words, there is no blending between the boundaries.

3.3. Multi-colored Images

© 2023 The Authors.
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Nt into tetrahedra, the Barycentric coordinates are guaranteed to be

unique and non-negative. Each coordinagealso gives us the ra-
tio of how much colorcy; should appear in the region surrounding

r r R;. To translate this into a binary decision, we apply a stochas-
tic approach: For everg;, we mark the nail as a necessary target
location for the corresponding colored path by drawing a sample
uj U (0;1), whereU is the uniform distribution. Ii;  bj, then

(@ (b) the nail has to be visited by the respective color. If no marks were

assigned, we force the colored path with the maximal Barycentric

Figure 2: For the Yamashita styl¢a) we evaluate all lines inside  coef cient to visit the nail. This ensures that every nail is visited at
the xed radius r and choose the best one, if itimproves the global |east once in the spirit of Yamashita.

score. If there is no valid candidatéh) we choose the line that

produces the least amount of error and decreases the distance to
the closest nail pthat must yet be visited by the color of the cur- 3.5. Scribble Art Style
rent path. The red nails do not decrease the distance tind are

) oo With the scribble art style, artists create images that drawn using
therefore not considered in this step.

just a single, contiguous stroke. Commonly, this is done with black
ink or pencil on white background. When looking closely at an
artwork, the local structure of the strokes may look chaotic, like
randomlyscribbledcurves on a sheet of paper. However, similar to
Our general algorithm can now be followed as presented in Sec-the setting of Yamashita, when viewed from a distance, the strokes
tion 3.2 In each iteration, we sample a set of candidate edges thatform a meaningful image by human perception. In this setting we
connect the path from the current nail with other nails in a local can relax the constraints introduced for the Yamashita style some-
neighborhood as shown in FiguPato keep the runtime complex- ~ what. We no longer require that the path has to connect a prede-
ity low. Since we have a discrete set of edges for a given neighbor- termined discrete set of nail positions. Furthermore, the path is no
hoodr, we query all neighboring nails and create a candidate for longer restricted to consist of only linear segments.

each. We ignore edges that have already been drawn to avoid going To model this art style, we use smoothly connected Bézier curves

back and fprth between two nails in nitely. We select the candidate to represent the contiguous strokes. They emulate the shape of man-
edge that improves the global error the most and add the edge ©al strokes well, and it is easy to sample new Bézier curves that
the path. ful ll possible continuity constraints w.r.t. their predecessor. We
choose to use Bézier curves of degree three since they offer a good
compromise between complexity and geometric exibility.
Our greedy strategy can cause the path search to be stuck in local
minima, where no edge within can be found that decreases the 3.5.1. Continuity
global error. We offer a fallback strategy to escape the minimum: ) L.
During the algorithm initialization, we determine per colored path Two consecutlvekBemer cur:/&(t) andB;.(t) are connected”
P a set of nailsS that this path is forced to visit with the idea that ~continuously, if $Bi(1) = 3¢Bi+i(0) for k 2 f 0;:::;ng [Far03.
we know that the path's color is required in the region surrounding This means that wheli(t) is given, some control points & i(t)
the nail. Each time no segment candidate, which improves the error,are already xed according to the chosen continuity constraint.
is found, we pick naih; 2 S that is closest to our current nai For two contiguous Bézier curves of degree three with the control
and has not been visited by the pa&hyet. Among the original  Points(po; p1; P2; P3) and(do; di;d2; d3) the following constraints
segment candidates, we then only consider those, that lie closer tohold when thep; are xed:
nt thanng, ignoring those would increase the distance towaxds cO J= P
(red nails in Figure2b) and append the candidate that produces the 1. Q=2ps P2
least amount of error. Note, that it is possible that each fallback step  ~2. ;= _ +

- Cout=4ps P+ M
may be enough to move the path out of the local minimum, and we
can thus consider all candidates during the next step again. We found thaiC? are too constrained. Since the rst three control
points are already xed, the curves will often be forced to have a
large extend, and often leave the canvas. Since hard corners at the
connection are undesired for this art style, we do not@fseurves
Thus, for our approach we emplog} curves.

3.4.2. Sampling

3.4.3. Forced Color Positions

To decide if nailn should be visited by patR;, we need to de-
termine ifR's color ¢; is required in the region surroundimg The
Voronoi cell of each nail is a natural choice for its local neighbor-
hood. For each, we compute the average RGB cotgrof the pix-
els inside the Voronoi cell correspondingrioThen, we split the
RGB cube into six tetrahedra and determine which of them con-
tains the cell's average color. This gives us four colaysj 2 1::4 To generateCl continuous Bézier curves of degree three, the rst
(corresponding to the corners of the tetrahedron) that can be usedwo control pointsgg andq; are xed, leaving us to decide where
to linearly interpolate the average color. We then compute the cor- to placeqg, andgs. Since we do not have the constraint of visit-
responding Barycentric coordinatiesof the average nail color in- ing a discrete set of nail locations as with the Yamashita style, we
side the containing tetrahedron. Because we split the color cubeare free to sample these 2D positions in a continuous manner (see

3.5.2. Candidate Sampling

© 2023 The Authors.
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C1 Cs

Input CSF Error

Ca
C
2 ¢

Figure 3: During each iteration of our algorithm, a set of new can-
didate segments @re generated. Each is evaluated regarding an
error function. The candidate with the minimal error is added the
image if it improves the global image error.

Figure 5: To append to an existing path, we generate a set of candi-
P2 dates ¢ Each candidate is added to the current image state. Then
the CSF is applied to both the input image and each candidate im-
a3 P2 g age to model human perception. Finally, we evaluate a global ap-

q Pa=do r proximation error to determine the quality of each candidate.
2 Q2 r

P1 Py
Po P2 Po

0 % terminates if no candidates where added after a xed number of
iterations.

(@ (b)
4. Error Function

Figure 4: To sample nevg* continuous Bézier candidates, we offer
two sampling strategiega) We sample both free control points g
and @ inside a circle surrounding @ This forces the generation
of more localized lines that stay in the approximate area its prede-
cessor(b) Alternatively, we sample each control point in a circle
surrounding the previous control point.

For both art styles we need to determine the quality of the input
image approximation in order to evaluate and select the best path
continuation from a set of candidates. To this end, we rasterize the
candidates using the same resolution as the target image. Since the
portrayed objects only become recognizable when viewed from a
distance, our error computation should take into account the input
image resolution, the physical size of the produced images, and the
distance from which they are meant to be viewed. Therefore, we
Figure3). To this end we propose two sampling strategies that are need to emulate how the human vision system processes images
shown in Figure4 that both produce scribble art curves, but with  of 5 certain size when viewed from a given distance. Similar to

largely varying style. Both methods have a user paranteteat the work by Andersson et alANAM 20], we make use of the

de nes a radius in which new control points can be sampled. contrast sensitvity functiofCSF) (see §1K88, JF03), to model
First-Control-Point: In Figure4a we uniformly sample botlo2 the system response of the human vision system, which allows us
andgs in same disk surroundingy with radiusr, i.e.kgz ok r to consider the various image and viewing parameters mentioned

andkags dok . This produces curves that are more localized.  apove. For our implementation, the evaluation of the CSF if based
Previous-Control-Point: Alternatively (Figure4b), we sample ondLIP [ANAM 2.

each control point uniformly in a disk centered at the previous con- L )
trol point, i.e.kqy qk randkgs ok . Thus, to evaluate the approximation error (cf. Figayefor a

curve candidate we apply the CSF to both the input image and a
rasterized image containing all curves up to this point including
the candidate curve. Then, we convert both images to the CIELab
We initialize the rst curve by randomly sampling Bézier control  [JF03 color space, as it is speci cally designed such that Euclidean
points without continuity constraints as there is no predecessor. Fordistances in this space are equivalent to perceived distances be-
this, we iteratively sample batches of curves, and take the best curverween colors. Finally, we compute the mean absolute color differ-
from the rst batch that improves the error metric. ence between both images as the global approximation error.

Finally, we need to address gamma correction: Since the col-
ors of the paths are corners of the RGB cube, i.e. all RGB pixel
Similar to Section3.4.3 it can happen that none of the sampled values are either 0 or 1, applying gamma correction to our output
curve candidates improve the global approximation error. In this image has no effect. To account for that, we instead approximate
case, we increase the sample radiasd resample. We continue to  the gamma corrected target image.
increase until the entire image plane is covered by the sampling
circle or a suitable candidate is found. In the latter cagereset to
its original value. This procedure allows us to escape local con gu-
rations where the approximation is already good, and move to areasWe evaluate our method on a wide range of input images as shown
further away where improvements can still be made. The algorithm in Figure6. Unless stated otherwise, we create 100 candidate seg-

3.5.3. Initialization

3.5.4. Termination

5. Evaluation

© 2023 The Authors.
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Figure 6: From left to right: Input image, Yamashita style, scribble sampling around the rst control point, scribble sampling around the
previous control point.

(a) Input (b) 10880 nails (c) 2688 nails (d) 1176 nails (e)672 nails

Figure 7: For the Yamashita style, estimating the same picture with a decreasing number of nails leads to much poorer approximation quality.
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(a) Input (b) TSP-Art

@) (b) (c)

(c) Circular Scribble (d) Ours Scribble

Figure 8: The same imag@) as input to(b) TSP-Art KB05 (with
the background removed};) Circular Scribble Art [CLLC14, and
our approach using the scribble variation. (d) (e) ®

Figure 9: For the input (a), seeding the pseudo-random number

generator with seeds from 0 to 4 for images (b) to (f) results in
ments per path per iteration for the scribble style, with a search different, but overall robust approximations of the input image.
radius of 2.5% of the image diagonal. For the Yamashita style, we

choose the search radius to be ve times as large as the grid resolu- Yama- | scribble | scribble
tion in which the nails are placed. The corresponding search circle [LLC19] : ;

: shita rst previous
covers the area of approximately 78 grid cells which also corre- eagle 141 83 14.8 13.2
sponds to the average number of candidates per path per iteration. duck 11.3 13.0 177 174
The Yamashita style generally offers the best approximation qual- rocks 159 67 107 105

ity. In some cases, especially in white regions (see the sky in the

A ST TS motor 9.5 7.5 10.8 10.1
top row in Figure6) the approximation is slightly too dark, as we
. . . eye 17.0 8.3 10.0 10.2
force each nail to be visited by at least one path. For both our scrib-
: : : : scotland 12.6 10.7 12.7 14.0
ble styles the input images are well approximated with a few sub- m 107 56 139 108
optimal patches. For example, the chimney in the top row for the cottage - . . -
elephant 4.5 4.8 6.6 53

scribble- rst style is poorly approximated. The reason here is that -
the nature of the Bézier curves makes it more dif cult to escape un- paprika | 155 11.0 19.7 16.0

desirable local minima when compared to the Yamashita style (cf. pizza 18.0 10.9 17.4 14.6
Section3.4.3. sh 23.0 11.5 16.4 14.1

rose 14.2 10.8 20.7 15.7

In Figure8, we show a comparison with the TSP-based scribble

algorithms KBO5, CLLC15)]. Please note that for the TSP-Art, the  Taple 1: Results of our CSF-based error function on the approxi-
background sky has been removed. We also compare the approximations with [ LC19 and our method. The lowest error per image
mation via colored scribble$ [C19] to our approach in Figurg2. is marked in bold.

In Tablel, we show how our CSF-based error function rates results

from [LLC19] (the only other relevant method to produce color im-

ages) and our methods on the same set of images. Especially for the

Yamashita style, the error is lower in most cases. The reason it isduces good results. In Figu& we show multiple outcomes for
higher in some cases is due to poor approximations in regions nearthe same input image for the scribble style sampling around the
the border as shown in Figut®. It can happen that the scribble ap-  previous control point. The chosen seeds for the random number
proximation terminates too early for images with only a sparse set generator are the successive numbers 0 to 4. To show the effect of
of foreground pixels. An example of this is shown in Figdfe In the grid resolution, the same image is approximated with a varying
this case, we can still produce a good approximation by assigning grid resolution for the initial nail placement in FigureThe shown

a weighting to the approximation error of each pixel. Here, black grid resolutions are 10, 20, 30, and 40 pixels per grid cell edge,
pixels that mainly de ne the contour are assigned a much larger resulting in the given number nails. It is clearly important to have
weight than the white pixels. Generally, our approach reliably pro- high nail density for a good image approximation.

© 2023 The Authors.
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(@) (b) © (d) (e)

Figure 10: Comparison of the error ofl|LC19 (b) and our results (Yamashita (c), scribble- rst (d), scribble-previous (e)). The input image
is shown in (a). Dark blue indicates a small error and red a large error. The main cause of error in our approach are the boundary regions.
The top-right corner is enlarged.

6. Conclusion

Our approach is able to approximate images in styles similar to
those of the artist Kumi Yamashita or the common scribble art. By
modeling strokes or threads as contiguous paths, our approxima-
tion method is able to greedily minimize a global error function,
whilst satisfying all constraints depending on the art style. Since
we employ a perceptive error function with a CSF, our approach
considers human visual perception. Finally, our algorithm for both
styles works well on a wide range of input images. Furthermore,
(a) (b) (c) our scribble style is competitive with previous state of the art.

Since our algorithm is a greedy optimization, it can run into non-
optimal con gurations where a poor decision early on can have a
negative impact on the overall approximation. Especially for our
scribble style, we have no robust mechanism to escape local min-
ima to force the path to visit regions where the approximation qual-
ity can still be improved. We believe this can be solved by either
employing a similar strategy to our Yamashita approach, i.e. forc-
ing the path to visit specic regions, or by using some kind of
lookahead strategy. Additionally, we believe that performance can
be signi cantly improved. Currently, for each candidate the CSF
and error is computed for the entire image, even though only small
parts of the image have been changed. By localizing the evaluation,
performance can be improved greatly.

Figure 11: For inputs such as (a) it can happen that the error in-
troduced to bridge the white regions is too large, causing the algo-
rithm to terminate early (b). A good output (c) can still be achieved
by assigning white regions a lower weight than black regions. Now,
improvements to black regions can outweigh the cost of having to
cross large white sections.
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