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painting style. A procedural painting system, controlled by one or more parameters is
used. Classitiers are trained using machine learning to return a score related to how well
an image fits a given painting style. Parameters of the procedural painting system are op-
timized to maximize the score returned by the classifiers, and an output image is
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[0001]

[0002]

[0003]

LEARNING PAINTING STYLES FOR PAINTERLY RENDERING

BACKGROUND

Field

The present disclosure generally relates to automatic painting of images.

Background

Generating a painting from a photograph has been a popular research subject.
Various painting styles have been simulated with pleasant results, such as watercolor,
impressionism, pencil sketching, etc. However, these approaches usually share one thing
in common: a person or computer scientist with some taste. A human must examine
paintings of interest, summarize the characteristics of the painting styles involved, and
translate the characteristics into an algorithm. As the algorithm is refined, the computer
scientist may need to evaluate the current painting quality of the algorithm and tweak
certain parameters until the results satisfy her eyes. This time-consuming process may be
repeated for every painting style she wants to simulate, and the quality of the results is

bounded by her artistic taste.

BRIEF SUMMARY

The present disclosure generally relates to automatically painting an image
according to a desired painting style. In an embodiment, a method of automatically
painting an image according to a desired painting style is disclosed. A painting style is
received, and a classifier is trained to calculate a score based on how well an image
corresponds to the received painting style. An input image is received. A base output
image, based on the input image, is rendered by a procedural painting system controlled
by one or more parameters. A score is calculated for the base output image using the
trained classifier. Then, one or more meta-parameters are optimized, where each meta-
parameter includes one or more parameters. An intermediate output image is rendered by
the procedural painting system, based on the base output image, and where the parameters

of the procedural painting system are determined based on the optimization of the meta-
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parameters. The intermediate output image is scored using the trained classifier. One or
more of the individual parameters are optimized based on the calculated score, and a final
output image is rendered by the procedural painting system, where the parameters are
determined based on the optimization.

Systems and computer program products to automatically paint an image
according to a desired painting style are also disclosed.

Further embodiments, features, and advantages of the invention, as well as the
structure and operation of the various embodiments of the invention are described in

detail below with reference to accompanying drawings.

BRIEF DESCRIPTION OF THE FIGURES

Certain embodiments of the invention are described with reference to the
accompanying drawings. In the drawings, like reference numbers may indicate identical
or functionally similar elements. The drawing in which an element first appears is
generally indicated by the left-most digit in the corresponding reference number. The
patent or application file contains at least one drawing executed in color. Copies of this
patent or patent application publication with color drawing(s) will be provided by the
Office upon request and payment of the necessary fee.

FIG. 1 is a flow diagram of a method of painting an image according to a painting
style in accordance with an embodiment.

FIG. 2 is a flow diagram of a method of training a classifier in accordance with an
embodiment.

FIG. 3 is a diagram of a system in accordance with an embodiment.

FIG. 4A is an example of an image in color in accordance with an embodiment.

FIG. 4B is an example of an image in color in accordance with an embodiment.

FIG. 5 is a color image of exemplary renderings in accordance with an
embodiment.

FIG. 6 is a color image of exemplary renderings in accordance with an
embodiment.

FIG. 7 is a color image of exemplary renderings in accordance with an

embodiment.
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[0015] FIG. 8 is a color image of exemplary renderings in accordance with an
embodiment.

[0016] FIG. 9 is a color image of exemplary brush textures in accordance with
embodiments.

[0017] FIGs. 10A and 10B are color images of exemplary renderings in accordance with
an embodiment.

[0018] FIG. 11 is a diagram of a system in accordance with an embodiment.

DETAILED DESCRIPTION

Table of Contents:

Method

Training a Classifier

System

Procedural Painting System
Brush Generation
Two-Level Painting and the Edge Layer
Optimizable Parameters of Painting System

Optimization of Painting Styles

Examples

[0019] While the present invention is described herein with reference to illustrative
embodiments for particular applications, it should be understood that the invention is not
limited thereto. Those skilled in the art with access to the teachings provided herein will
recognize additional modifications, applications, and embodiments within the scope
thereof and additional fields in which the invention would be of significant utility.

[0020] In the detailed description of the certain embodiments that follows, references to
“one embodiment”, “an embodiment”, “an example embodiment”, etc., indicate that the
embodiment described may include a particular feature, structure, or characteristic, but
every embodiment may not necessarily include the particular feature, structure, or
characteristic. Moreover, such phrases are not necessarily referring to the same
embodiment. Further, when a particular feature, structure, or characteristic is described in

connection with an embodiment, it could be within the knowledge of one skilled in the art
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to effect such feature, structure, or characteristic in connection with other embodiments
whether or not explicitly described.

[0021] Disclosed herein are methods and systems of automatically painting an image
according to a painting style without requiring human input or judgment. In an
embodiment, in order to eliminate the human aspect, a style metric is developed that
judges how well an image matches a particular painting style. Further, an optimizer is
used which fine-tunes a procedural painting system to return a higher score from the style
metric.

[0022] Machine learning is widely used for classification purposes in computer vision.
However, machine learning has not been used as often in computer graphics. In a high-
dimensional feature space, machine learning algorithms may be capable of capturing
some concepts that elude words or explicitly designed algorithms, such as in the area of
face recognition. An embodiment utilizes an AdaBoost machine learning algorithm to
classify image features for painting style detection. An embodiment utilizes multiple
classifiers, which are robust enough to guide an optimization system based on the abstract
concept of painting style.

[0023] Additionally, a procedural painting system is used in an embodiment. The
behavior of the procedural painting system is controlled by a number of parameters.
These parameters may be linked to an optimizer. With each permutation of the
parameters, the optimizer may generates a variation of a painting from an input
photograph. AdaBoost classifiers, as described herein, may be used to score the painting
based on its painting style. This score is the objective function for the optimizer to
maximize.

[0024] Many techniques exist in non-photo realistic rendering (NPR) that generate
different special effects on rendered images. For example, various methods have been
proposed to simulate different painting styles on images or videos, such as for watercolor,
pen and ink, impressionism, cartoon, and others. Stroke-based rendering has been found
to be successful in mimicking brush textures of real paintings by simulating the process of
applying brush strokes based on image features. However, these techniques generally
require significant human intervention during the refinement of the results towards a

person's subjective understanding of a painting style.
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[0025] Texture synthesis produces similar textures using examples. Some methods can
also be used for image editing. Image analogies use one image as a "feature map" to guide
the synthesis process, with which artistic filters can be achieved. However, the results of
these systems may be less satisfying for the non-photo realistic rendering purpose due to
noise and a lack of expression compared to stroke-based rendering.

[0026] AdaBoost, or adaptive boost, is a popular machine learning technique that learns a
strong classifier from positive and negative examples given multiple weak classifiers. An
embodiment utilizes AdaBoost to develop a strong classifier as the objective function for
an optimizer.

[0027] An embodiment here uses several color and texture based classifiers to detect

styles and also to guide an optimization process.

Method

[0028] FIG. 1 is a flow diagram of a method 100 of painting an image according to a
desired painting style. Further details of the individual elements of method 100 are
described herein.

[0029] At stage 102, a particular painting style is received. The painting style may be
received from a user who wishes to create an image rendered according to a particular
painting style. The painting style may specify, for example and without limitation, a
particular artist, such as Cezanne or Van Gogh. The painting style may also specify a
type of painting, such as pencil sketch drawings. Further, the painting style may be
received in response to a user providing a number of images in a desired painting style.

[0030] At stage 104, a classifier is trained, which returns a score related to how well a
particular image fits the received training style. The classifier may be trained using a
machine learning algorithm such as AdaBoost, as is described further herein.

[0031] At stage 106, an input image is received. The input image may be received, for
example and without limitation, from a user. The input image may be a photograph or
any other type of image. Further, the input image may be any format for a computer
image file, for example and without limitation, a JPEG, GIF, BMP, PNG, TIFF or other
image file format.

[0032] As described in further detail herein, a procedural painting system controlled by

one or more parameters may be used to paint images according to a particular style. At
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stage 108, a base output image is rendered by a procedural painting system. The
procedural painting system may be controlled by one or more parameters, as is described
in further detail herein. The values used for the parameters of the procedural painting
system may be previously set default parameters that do not correspond to any particular
painting style.

[0033] At stage 110, a score is calculated for the base output image. The score may be
calculated by the classifier trained as a result of block 104. The score may represent how
well the base output image corresponds to the received painting style. Examples and
further description of score calculation are discussed further below.

[0034] At stage 112, a number of meta-parameters of the procedural painting system are
randomized to determine sets of different values for the meta-parameters. The meta-
parameters of the procedural painting system may include one or more of the individual
parameters of the procedural painting system. Examples and further description of such
meta-parameters and optimization are discussed further below. As an example of the
randomization at stage 112, the meta-parameters may be randomized in 100 ways, and
100 different sets of meta-parameters may be determined.

[0035] At stage 114, images are rendered according to the sets of meta-parameter values
determined at stage 108. For example, if 100 sets of meta-parameters have been
determined, 100 images are rendered at stage 114.

[0036] At stage 116, scores are calculated for the images rendered at stage 114. The
scores may be calculated by the classifier trained as a result of stage 104. The score may
represent how well the rendered image corresponds to the received painting style.

[0037] At stage 118, the meta-parameters for the image with the optimal score
determined at stage 116 are identified as the optimized meta-parameters for the particular
painting style. The optimal score may be the highest or lowest score returned by the
classifier, depending on the implementation of the classifier.

[0038] At stage 120, the individual parameters of the procedural painting system are
randomized to determine sets of different values for the parameters. As an example of the
randomization at stage 120, the parameters of the procedural painting system may be
randomized in 100 different ways, and 100 different sets of parameters may be

determined.
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[0039] At stage 122, images are rendered according to the sets of randomized parameter
values determined at stage 118. For example, if 100 sets of randomized parameter values
have been determined, 100 images are rendered at stage 122.

[0040] At stage 124, scores are calculated for the images rendered at stage 122. The
scores may be calculated by the classifier trained as a result of stage 104. As described
with reference to stage 116, the score may represent how well the rendered image
corresponds to the received painting style.

[0041] At stage 126, a final output image may be identified by choosing the image
rendered at stage 122 with the optimal score determined in accordance with stage 124.
The final output image may be provided to a user. As above, depending on the
implementation of an embodiment, the optimal score may be the highest or lowest score

returned by the classifier.

Training a classifier

[0042] FIG. 2 is a flow diagram of a method 200 for training a classifier in accordance
with an embodiment. At stage 210, positive and negative training samples for a received
style are received. Positive samples correspond to those images that represent desired
characteristics of the final output image. For example, positive samples for a desired Van
Gogh rendering may be a set of Van Gogh images. In an embodiment, five paintings are
used as positive samples.

[0043] Negative training samples are also received at stage 210. In an embodiment, a
library of 200 paintings corresponding to different painting styles may be maintained. A
set of paintings maybe randomly selected from the library as negative samples for the
painting style to train. In an embodiment, 20 paintings are randomly selected. In a
further embodiment, images are shrunk to a maximum size of 1000 pixels for meaningful
comparisons of texture details.

[0044] At stage 220, image patches from the positive and negative samples are extracted.
In an embodiment, image patches may be 160 pixels wide by 160 pixels high. Further,
depending on the implementation of an embodiment, the number of image patches may
vary. For example, 500 patches may be used for each training sample. Each patch may be

referred to as patch P where k is the number of the particular patch.
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[0045] Using the image patches, image features are extracted from each image patch at
stage 230. Four types of image features may be used, based on color, gradient, and texton
features of the image, in order to capture different aspects of a painting style.

[0046] The color feature may be the spatial pyramid matching kernel (SPMK) of the
LAB color space. This color feature may capture the color distribution at different
resolution levels on the image. A second color feature may also be used, which captures
pixel color deviations using a blurred version of the image with a Gaussian radius of 3
pixels. This feature may be more tolerant to the overall color distance between images.
The gradient feature may replace the LAB color space channels in the color SPMK with
image gradients. Similarly, the texton features may replace the LAB color space channels
in the color SPMK with texton features. The gradient and texton features may be used to
capture edge and texture-related features.

[0047] Feature vectors v;, for each patch Py, using features {F;}, may be found. For

these feature vectors, two-class AdaBoost training may be used on all feature vectors

{vie. k=1.., K} of feature Fj separately, where K is the total patch number. In an

embodiment, 50 AdaBoost stumps may be found to yield a classifier C;. In an

embodiment, other machine learning tools may be used, such as a support vector

machine.
[0048] Applying a classifier to a feature returns a float value:
C.(v)=s, (1)
[0049] In the traditional classification framework, a threshold r may be applied on the

value of s; to reach a binary decision on whether v belongs to the positive samples or
negative samples:

- positive samples if s; =t
v belongs to . .
negative samples otherwise

[0050] After a successful training on a non-trivial dataset, a higher threshold typically
leads to a higher precision rate but a lower recall rate. In other words, the higher s; is, the
more likely that feature belongs to the positive sample sets. Such a precision may be at
the cost of throwing away more positive samples below the threshold.

[0051] In an embodiment, a threshold on s; may not be used. Instead, the numerical value
of s; may be used directly as the objective for our style optimization. Thus, the higher s;

is, the more likely that the given image patch matches the desired painting style.
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[0052] To make s; comparable across multiple classifiers, the output of C,(v.) is

normalized, using the score range from classifier C; determined on all training image

patches such that

C.(v.)=s,,s, €l0]] (2)

ik
[0053] Thus, the score may always range from zero to one. At stage 240 of method 200,
the classifier is trained to score image features to return a score between zero and one to

determine how well the image features correspond to the given painting style.

System

[0054] FIG. 3 is a diagram of a system 300 in accordance with an embodiment disclosed
herein. Components of system 300 may be used to implement, for example and without
limitation, various stages of method 100 or method 200 as described above.

[0055] System 300 includes a classifier trainer 302. Classifier trainer 302 may receive
negative and positive training samples in accordance with stage 210 of method 200.
Classifier trainer 302 may be further configured to extract image patches from the
received samples, in accordance with stage 220 of method 200, and further to extract
image features from the image patches, in accordance with stage 230 of method 200.
Classifier trainer 302 may also be configured to train classifier 304 in accordance with
stage 240 of method 200.

[0056] System 300 also includes procedural painting system 306. As described herein,
procedural painting system 306 is controlled by one or more parameters 312. Parameters
312 may control rendering module 310 of procedural painting system 310 to render a
particular image, in accordance with stages 108, 114 and 120 of method 100.

[0057] System 300 also includes optimizer 308. Optimizer 308 may operate in
conjunction with procedural painting system 306 and classifier 304 to randomize the
values of meta-parameters and parameters and may determine optimal meta-parameters
and parameters using the score returned by classifier 304, in accordance with stages
112,118, and 122 of method 100.

[0058] System 300 may receive an input image 310. Input image 310 may be a
photograph or other image, and may be received by a user. Further, system 300 may be
connected to a repository of painting style samples 320. Painting style samples 320 may

be used by classifier trainer 302 to train classifier 304 in accordance with an embodiment.
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Further, system 300 may be connected to user interface 330. User interface 330 may
allow a user to view the results of system 300. User interface 330 may also allow a user
to select a painting style. Further, user interface 330 may allow a user to view an image,
based on input image 310, which has been rendered according to the user's selected

painting style.

Procedural Painting System

[0059] The procedural painting system used in an embodiment may exhibit two design
goals. First, the procedural painting system may be versatile enough such that it can
render different painting styles. For example, the procedural painting system may be able
to render images similar to those of Van Gogh, and also images similar to those of
Cezanne.

[0060] Further, in order to operate in accordance with an embodiment described herein,
the versatility mentioned above may need to be controlled by various parameters. The
parameters, once fed to an optimizer, can be manipulated.

[0061] Thus, in an embodiment, a multiple-level painting system may be used. This

procedural painting system may exhibit a great deal of freedom in brush control.

Brush Generation

[0062] The procedural painting system may paint images using curvilinear patches. Color
difference may be measured using L2 distance. L2 distance may also be known as
Euclidean length. Color difference may be measured using L2 distance in the RGB color
space. Given an input image I, and an empty canvas Icanyvas With the same dimensions,
painting may be done in scan-line order, starting with the next pixel whose color
difference between Iyig and Icanvas, 1 above a threshold. In an embodiment, a threshold of
30 may be used. Each additional patch may simulate a brush stroke in Icanvas based on its
color in I, until the whole canvas is painted. In an embodiment, to avoid painting on a
same spot repetitively, each pixel cannot start a new brush if it has been painted twice or
more.

[0063] To determine the lay-out of the next patch given a starting pixel P,, P,’s location
and color C, in I, may be used. For all pixels {P} within the neighborhood of P,,
whose color distance to C, is below a threshold (30, for example), Principal Component

Analysis (PCA) may be used to find the dominating axis x, of their spatial distribution.
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The set of all pixels {P} is then evenly sliced into 5 intervals along the dominating axis

%, to form 5 subsets {{P},,k =1..5}. The average pixel location of each {P}; forms the

spine of the patch. Ribs of the patch then grow perpendicular to the spine similar to the
technique disclosed in "Detail Preserving Shape Deformation in Image Editing" by Hui
Fang and John C. Hart. The patch may be smoothed and super-sampled to cover roughly
1-pixel between its neighboring grids. The patch may be further cropped such that the
density of pixels belonging to {P} within the patch is above a threshold of 90%.

[0064] Each patch may be turned into a brush stroke by texture-mapping it with a sample
brush texture and modifying its appearance using multiple parameters. Such parameters

are described further herein.

Two-Level Painting and the Edge Layer

[0065] The image may be painted using two levels of patches. The first level of patches
may be of a much larger size to mimic quick sketching of the scene. The second level of
smaller patches may only paint on areas where the difference between Leanvas and Iogge
exceeds a threshold, in order to paint finer details. The actual patch size at each level
may be determined by the optimizer.

[0066] Further, an optional edge layer can be pasted on the top of the canvas. The edge
layer may be identical to other two layers expect that it is only allowed to paint within a
radius to edges. By reducing brush brightness, edge features in the image may be

emphasized.

Optimizable Parameters of Painting System

[0067] The optimizer, as described herein, may control the painting system by the
following parameters. First, the optimizer may control whether a flag is set that
determines whether the edge layer is turned on. Parameters of edge detection may also be
controlled by the optimizer, such as a Gaussian blur radius using Sobel edge detector, or
edgy dilation or erosion radius for width control.

[0068] Additional parameters, such as the following, may be independently adjustable at
both the patch levels and the edge layer. The optimizer may control the patch length and
the x-y (height-width) ratio to determine the patch's size and shape. Further, the
optimizer may control the patch texture. A number of brush textures may be used,

depending on their smoothness. In an embodiment, 11 brush textures, ranked in order of
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decreasing smoothness, may be used. The optimizer may be able to search for similar
texture patches at each level of the painting process, and pick one of the textures to
enhance brush details.

[0069] The optimizer may also control the brightness and saturation shift to brush color
of the painting system. The optimizer may increase saturation at the patch level to mimic
a particular style, for example.

[0070] Further, the optimizer may control the range of brightness and the color variation
from brush texture. In the LAB color space, the magnitude of texture variation may be
controlled in brightness (L) and color (AB). Two multipliers may be used to control the
magnitude of texture variation in brightness and color.

[0071] Additional parameters may be used as well. In an embodiment, 25 parameters

may be adjusted.

Optimization of Painting Styles

[0072] As detailed above, the first optimization of the parameters of the procedural
painting system may involve meta-parameters of the procedural painting system. Meta-
parameters of the procedural painting system refer to multiple individual parameters of
the procedural painting system. This may be done for a number of reasons.

[0073] Optimizing individual parameters of the procedural painting system may be
difficult and consume too much time. A gradient-based optimizer, such as an optimizer
using Conjugate Gradient, makes decisions based on the current local direction towards
the minimum of its objective function. In order to make good progress, the potential field
of its objective function may need to be relatively smooth in its parameter space.

[0074] The optimizer may use the classifiers {C;} trained as described herein for a
particular target style, as well as one or more photographs a user wants to generate
painting effects for. The optimizer may try various parameters to control the painting
system. With each configuration, the painting system generates paintings from input
photos.

[0075] The performance of the current painting system, with its parameters controlled by
the optimizer, may be evaluated by comparing the output of the painting system against
the target style. Random patches of 160 x 160 pixels may be extracted from the output of
the painting system. These patches may be scored using the classifier trained as

described herein.
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[0076] The final optimization objective may be the sum of normalized scores from all
classifiers on all the patches {Py}.
Objective = ZZéi (P,) (3)
ik
[0077] Since a classifier gives a higher score for a positive sample, but an optimizer

usually seek a minimum, the sense of positive and negative may be negated during
classifier training, such that a lower score means a better match.

[0078] In an embodiment, the objective is a score from classifiers trained using
AdaBoost. As evidenced by various experiments, the behavior of the objective is highly
unknown. For example, in general, it may be seen that smaller patches lead to better
classifier scores. However, at a certain level, the patch size no longer matters. For
example, it was found that a patch size of 60 x 60 pixels does not provide a better score
than a patch size of 80 x 80 pixels. Because gradient-based optimizers make decisions
using the current local direction, if the optimizer starts at a patch size of 60 x 60, it is
likely that the optimizer will not be guided towards smaller patch sizes.

[0079] An alternative is to start optimization at multiple random parameter values.
However, as the number of parameters to be controlled by the painting system increase,
the volume of the parameter space increases exponentially. If a particular characteristic
of a painting style needs to be captured by adjusting k parameters jointly to proper values

within € D of error on each parameter, where D is the valid range of those parameters,

then the chance to start near that location will be €* This clearly does not scale well with
respect to parameter numbers.

[0080] Thus, optimization using individual parameters may not be feasible.

[0081] Reducing the total number of parameters will help. However, making the

parameters as independent as possible, which reduces k in &*

may also allow quicker
optimization of the procedural painting system. For example, instead of changing the
parameters of patch width and height, optimizing the patch's maximum size and aspect
ratio may be beneficial. Randomly sampling patch maximum size alone may have a
better chance to find a better score than randomly sampling both width and height.

[0082] Thus, with this observation, a number of meta-parameters, which control other
parameters, may be determined. Changing the meta-parameters will produce a

meaningful change to the painting results. Optimization may have the goal of

maximizing or minimizing the score returned by the classifier.
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[0083] The first meta-parameter used may be painting smoothness. A larger smoothness
value leads to a larger patch size, a smaller color variation value and shift for patches at
each patch level, and a smoother brush texture.

[0084] Another metaparameter may be image colorfulness. A smaller value for
colorfulness may lead to less hue variations and a decrease of saturation in patch color.

[0085] Further, edge importance may be used as a meta-parameter. A larger value for
edge importance may reduce the brightness of the edge layer for better visibility. The
larger value may also increase the brightness of the other image layers to fade them out.

[0086] Value ranges of meta-parameters may be between 0 and 1. In turn, the
metaparameters linearly interpolate controlled parameters within their valid ranges. That
is, for example, if the metaparameter of painting smoothness increases, the patch size also
adjusts with a linear relationship.

[0087] Optimizing meta-parameters may lead to a coarse simulation of the painting style,
and provide a more reasonable set of starting parameter values for the final optimization.

[0088] Thus, optimization, as described above, contains two stages. In the first stage,
only meta-parameters are optimized, which derive values for other parameters. The best
score possible as a result of adjusting meta-parameters may be the result of the
optimization at the first stage. In the second stage, all other parameters are refined using
their values from the first stage as a starting point. In embodiments, the perturbations of
the parameters in the second stage forms a distribution that favors smaller changes. FIG.
4A is an example of an image after optimization of meta-parameters, while FIG. 4B is an
example of an image after the second stage of optimization, where individual parameters
are optimized using the levels set by the metaparameter optimization as the starting point.
As seen in FIG. 4B, the second-stage result displays increased brush smoothness and
brightness. This may be accomplished by perturbing the first-stage result of FIG. 4A to
achieve a better watercolor impression.

[0089] Color of results are linearly shifted such that their average brightness and

saturation fall within the ranges of training images of that style.

Examples

[0090] FIGS. 5-8 are exemplary image renderings of a procedural painting system trained

in accordance with an embodiment disclosed herein. In the examples of FIGS. 5-8, a
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classifier (such as, classifier 304) was trained on several visually distinctive painting
styles, using 5-6 images from each style.

[0091] FIG. 5 contains four exemplary renderings 510 — 540 emulating the watercolor
painting style of Paul Cézanne, in accordance with method 100. These watercolor
painting renderings exhibit smooth brushes and a light silhouette. Such a style may
render images 510, 520, and 530 well, but may lose detail on images including smaller
structures, such as image 540.

[0092] FIG. 6 displays four exemplary renderings 610 — 640 emulating the oil painting
style of Claude Monet. These oil paintings exhibit less obvious patchy strokes, and a
more overall blurred effect. Further, the procedural painting system may adjust the

saturation and brightness parameters to match the Monet style for renderings 610 — 640.

[0093] FIG. 7 displays four exemplary renderings 710 — 740 emulating a pencil sketch
style. Certain renderings 710 — 740 may appear over-saturated due to difficulties in edge
detection.

[0094] FIG. § displays four exemplary renderings 810 — 840 emulating Van Gogh's oil

painting style. These renderings exhibit obvious patchy brush strokes.

[0095] In an embodiment, 11 brush textures from various paintings, sorted roughly by
smoothness were used. Some examples of brush textures are shown in FIG. 9. While
brushes for different styles were included, the optimizer may use them in novel ways.
For example, the last brush texture for sketching may not be used. Instead, the optimizer
may choose to use Van Gogh's patchy, strokes to mimic the pencil sketch style.

[0096] One particular style may not fit all images. Each of FIGS. 5-8 display a mixture
of several good and bad/unsuitable cases. For example, Cézanne's style in FIG. 5
generates nice details with a combination of brush texture and silhouette. This style
works well on smoother images, but loses details for smaller structures as in the lily pond.

[0097] As a further example, Monet's style as seen in FIG. 6 appears better on images
with a darker tone. Saturation and brightness of images in the procedural painting system
are automatically reduced to match the style.

[0098] In the example of FIG. 7, the procedural painting system chose Van Gogh's brush
texture to emulate the pencil sketch style. However, some images appear over-saturated

due to bad edge detection.
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[0099] In the example of FIG. 8, Van Gogh's style shows a heavy patchy pattern.
However, it may not possible for an embodiment to generate novel brush stroke rotations
demonstrated in many of Van Gogh's works.

[00100] Certain unsuccessful results may be seen in FIG. 10A and 10B. For example, the
result with Edgar Degas' style in FIG. 10A captured the strong silhouette of his works.
However, the texture was high in saturation, and lost the Degas coarse sketch-like
background style. Further, in FIG. 10B, the result for the Chinese ink palming style
washed out image details and only kept the color and ink silhouette. While the smoothed
color does resemble ink stroke with large brushes, the overall effects are disappointing.

[00101] In an embodiment, AdaBoost training for each classifier takes about 20 seconds
for each of the 50 stumps, based on the SPMK features with 10000-2000 dimensions.
The average painting time for each image is in the order of 1-2 minutes. During each
stage of the optimization, all parameters of the initial painting parameters may be
modified randomly 200 times, then perturbed each parameter alone for 5 times.

[00102] The distribution of random perturbations may be linear over the radius, such that

the chance for a point in parameter space to be picked is O(R™"), where R is its distance

to the starting configuration, and N is number of changing parameters of that stage. The
optimization process may operate in parallel in practice since the painting for each
configuration is independent.

[00103] Limitations of an embodiment may include the fact that the procedural painting
system only can capture limited aspects of painting styles, such as brush textures, color
tone, and texture smoothness. The procedural painting system may not capture important
factors such as the stylish expression of objects using a deformed silhouette. Further, a
fundamental difficulty is that it is generally impossible to obtain both a painting and a
photograph of how the painted object appeared to the painter, which makes it impossible
to learn the rules how a painter transforms the scene into a painting. For example, truly
emulating the style of the Mona Lisa may be impossible, since no photograph of the
subject of the painting is available.

[00104] While an embodiment may be automatic, a user may need to pay extra attention to
certain aspects. First, an explicit regularization term is missing from our objective
function. In an extreme case, the optimizer could change every pixel of a photo

independently to turn it into a known painting from positive samples, thus to achieve a
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perfect score. In an embodiment, implicit regularization is applied by only allowing the
painting system to choose from reasonable and mild operations. This includes manually
limiting the ranges of variations for all parameters, and providing relatively smooth brush
textures, such that the painting system does not generate results with extreme contrast or
high-frequency noise. For example, a brush texture with large hue and saturation
variation, combined with optimization, may lead to drastic results. Sometimes the
painting system may fill the original image with high contrast patterns, which may
achieve a good score by appearing like the background of some Van Gogh's paintings.

[00105] Figure 11 illustrates an example computer system 1100 in which an embodiment
of the present invention, or portions thereof, may be implemented as computer-readable
code. For example, system 300 may be implemented in computer system 1100 using
hardware, software, firmware, tangible computer readable media having instructions
stored thereon, or a combination thereof and may be implemented in one or more
computer systems or other processing systems. Hardware, software, or any combination
of such may embody any of the modules and components in Figures 1-3.

[00106] If programmable logic is used, such logic may execute on a commercially
available processing platform or a special purpose device. One of ordinary skill in the art
may appreciate that an embodiment of the disclosed subject matter can be practiced with
various computer system configurations, including multi-core multiprocessor systems,
minicomputers, mainframe computers, computers linked or clustered with distributed
functions, as well as pervasive or miniature computers that may be embedded into
virtually any device.

[00107] For instance, a computing device having at least one processor device and a
memory may be used to implement the above-described embodiments. A processor
device may be a single processor, a plurality of processors, or combinations thereof.
Processor devices may have one or more processor “cores.”

[00108] An embodiment of the invention is described in terms of this example computer
system 1100. After reading this description, it will become apparent to a person skilled
in the relevant art how to implement the invention using other computer systems and/or
computer architectures. Although operations may be described as a sequential process,
some of the operations may in fact be performed in parallel, concurrently, and/or in a

distributed environment, and with program code stored locally or remotely for access by
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single or multi-processor machines. In addition, in some embodiments the order of
operations may be rearranged without departing from the spirit of the disclosed subject
matter.

[00109] Processor device 1104 may be a special purpose or a general-purpose processor
device. As will be appreciated by persons skilled in the relevant art, processor device
1104 may also be a single processor in a multi-core/multiprocessor system, such system
operating alone, or in a cluster of computing devices operating in a cluster or server farm.
Processor device 1104 is connected to a communication infrastructure 1106, for example,
a bus, message queue, network, or multi-core message-passing scheme.

[00110] Computer system 1100 also includes a main memory 1108, for example, random
access memory (RAM), and may also include a secondary memory 1110. Secondary
memory 1110 may include, for example, a hard disk drive 1112, removable storage drive
1114. Removable storage drive 1114 may comprise a floppy disk drive, a magnetic tape
drive, an optical disk drive, a flash memory, or the like. The removable storage drive
1114 reads from and/or writes to a removable storage unit 1118 in a well-known manner.
Removable storage unit 1118 may comprise a floppy disk, magnetic tape, optical disk,
etc., which is read by and written to by removable storage drive 1114. As will be
appreciated by persons skilled in the relevant art, removable storage unit 1118 includes a
computer usable storage medium having stored therein computer software and/or data.

[00111] In alternative implementations, secondary memory 1110 may include other similar
means for allowing computer programs or other instructions to be loaded into computer
system 1100. Such means may include, for example, a removable storage unit 1122 and
an interface 1120. Examples of such means may include a program cartridge and
cartridge interface (such as that found in video game devices), a removable memory chip
(such as an EPROM, or PROM) and associated socket, and other removable storage units
1122 and interfaces 1120 which allow software and data to be transferred from the
removable storage unit 1122 to computer system 1100.

[00112] Computer system 1100 may also include a communications interface 1124.
Communications interface 1124 allows software and data to be transferred between
computer system 1100 and external devices. = Communications interface 1124 may
include a modem, a network interface (such as an Ethernet card), a communications port,

a PCMCIA slot and card, or the like. Software and data transferred via communications
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interface 1124 may be in the form of signals, which may be electronic, electromagnetic,
optical, or other signals capable of being received by communications interface 1124.
These signals may be provided to communications interface 1124 via a communications
path 1126. Communications path 1126 carries signals and may be implemented using
wire or cable, fiber optics, a phone line, a cellular phone link, an RF link or other
communications channels.

[00113] In this document, the terms “computer program medium” and “computer usable
medium” are used to generally refer to media such as removable storage unit 1118,
removable storage unit 1122, and a hard disk installed in hard disk drive 1112.
Computer program medium and computer usable medium may also refer to memories,
such as main memory 1108 and secondary memory 1110, which may be memory
semiconductors (e.g. DRAMEs, etc.).

[00114] Computer programs (also called computer control logic) are stored in main
memory 1108 and/or secondary memory 1110.  Computer programs may also be
received via communications interface 1124. Such computer programs, when executed,
enable computer system 1100 to implement the present invention as discussed herein. In
particular, the computer programs, when executed, enable processor device 1104 to
implement the processes of the present invention, such as the stages in the method
illustrated by flowchart 100 of FIG. 1 discussed above. Accordingly, such computer
programs represent controllers of the computer system 1100. Where the invention is
implemented using software, the software may be stored in a computer program product
and loaded into computer system 1100 using removable storage drive 1114, interface
1120, and hard disk drive 1112, or communications interface 1124.

[00115] Embodiments of the invention also may be directed to computer program products
comprising software stored on any computer useable medium. Such software, when
executed in one or more data processing device, causes a data processing device(s) to
operate as described herein. An embodiment of the invention employ any computer
useable or readable medium. Examples of computer useable mediums include, but are
not limited to, primary storage devices (e.g., any type of random access memory),
secondary storage devices (e.g., hard drives, floppy disks, CD ROMS, ZIP disks, tapes,
magnetic storage devices, and optical storage devices, MEMS, nanotechnological storage

device, etc.).
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[00116] The embodiments have been described above with the aid of functional building
blocks illustrating the implementation of specified functions and relationships thereof.
The boundaries of these functional building blocks have been arbitrarily defined herein
for the convenience of the description. Alternate boundaries can be defined so long as
the specified functions and relationships thereof are appropriately performed.

[00117] The foregoing description of the specific embodiments will so fully reveal the
general nature of the invention that others can, by applying knowledge within the skill of
the art, readily modify and/or adapt for various applications such specific embodiments,
without undue experimentation, without departing from the general concept of the present
invention. Therefore, such adaptations and modifications are intended to be within the
meaning and range of equivalents of the disclosed embodiments, based on the teaching
and guidance presented herein. It is to be understood that the phraseology or
terminology herein is for the purpose of description and not of limitation, such that the
terminology or phraseology of the present specification is to be interpreted by the skilled
artisan in light of the teachings and guidance.

[00118] The breadth and scope of the present invention should not be limited by any of the
above-described exemplary embodiments, but should be defined only in accordance with

the following claims and their equivalents.
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WHAT IS CLAIMED IS:

A computer-implemented method, comprising:

rendering a base output image with a procedural painting system controlled by
one or more parameters, wherein the base output image is based on a received
input image;

calculating a score for the base output image, using a classifier trained to
calculate a score based on how an image corresponds to a received painting
style;

determining a plurality of randomized sets of meta-parameters for the procedural
painting system, wherein each meta-parameter comprises two or more
parameters;

rendering a plurality of intermediate output images by the procedural painting
system, wherein the parameters of the procedural painting system for each
intermediate output image in the plurality of intermediate output images are
determined based on the plurality of randomized sets of meta-parameters;

calculating a score for each intermediate output image in the plurality of
intermediate output images, using the trained classifier; and

identifying an optimal set of metaparameters based on the calculated score for
each intermediate output image.

The method of claim 1, further comprising:

determining a plurality of randomized sets of parameters for the procedural
painting system;

rendering a plurality of final output images by the procedural painting system,
wherein the parameters of the procedural painting system for each final output
image in the plurality of final output images are determined based on the plurality
of randomized sets of parameters;

calculating a score for each final output image in the plurality of final output
images, using the trained classifier; and

identifying an optimal final output image based on the calculated score for
each final output image.
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3. The method of claim 3, wherein the procedural painting system renders the base output
image, the intermediate output image, and the final output image using curvilinear

patches.

4. The method of claim 1, wherein the step of rendering a base output image further

comprises:
rendering an edge layer of the output image based on the input image; and
rendering a patch layer of the output image based on the input image.
5. The method of claim 1, wherein the parameters comprise one or more of:

a patch length; a patch x-y ratio; a patch texture; a brightness; a saturation shift to

brush color; and a range of brightness and color variation from brush texture.
6. The method of claim 1, wherein the metaparameters comprise one of:
a painting smoothness; an image colorfulness; and an edge importance.
7. The method of claim 1, further comprising:

training a classifier to calculate a score based on how an image corresponds to a
received painting style using a machine learning algorithm, wherein the

training comprises:

receiving positive and negative samples for the received painting

style;
extracting image patches from the positive and negative samples;
extracting one or more image features from the image patches; and

using the machine learning algorithm to train the classifier to score

image features of the received painting style.
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The method of claim 7, wherein the image features comprise: a color feature based on a
spatial pyramid matching kernel of the LAB color space; a color feature based on pixel
color deviations from a blurred version of an image with a Gaussian radius of 3 pixels; an

image gradient feature; and an image texton feature.

The method of claim 7, further comprising training a classifier using AdaBoost, and
wherein the training further comprises using AdaBoost to train the classifier to score

image features of the received painting style.

The method of claim 3, wherein the procedural painting system renders the base output
image using curvilinear patches, based on the color distance between a canvas patch and a

patch of the original image.

The method of claim 3, wherein the procedural painting system uses two different sizes of

curvilinear patches.
A system, comprising:
one or more processors; and

a memory in communication with the one or more processors, the memory

containing instructions that cause the processor to:

receive a base output image with a procedural painting system controlled
by one or more parameters, wherein the base output image is based on a

received input image;

calculate a score for the base output image, using a classifier trained to
calculate a score based on how an image corresponds to a received

painting style;

determine a plurality of randomized sets of metaparameters for the
procedural painting system, wherein each metaparameter comprises two or

more parameters 5

render a plurality of intermediate output images by the procedural

painting system, wherein the parameters of the procedural painting system
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for each intermediate output image in the plurality of intermediate output
images are determined based on the plurality of randomized sets of

metaparameters;

calculate a score for each intermediate output image in the plurality of

intermediate output images, using the trained classifier; and

identify an optimal set of metaparameters based on the calculated score for

each intermediate output image.

The system of claim 12, the memory containing further instructions that cause the

processor to:

determine a plurality of randomized sets of parameters for the procedural

painting system;

render a plurality of final output images by the procedural painting
system, wherein the parameters of the procedural painting system for each
final output image in the plurality of final output images are determined

based on the plurality of randomized sets of parameters;

calculate a score for each final output image in the plurality of final

output images, using the trained classifier; and

identify an optimal final output image based on the calculated score for

each final output image.

A computer readable storage medium having instructions stored thereon that, when

executed by a processor, cause the processor to perform operations including:

rendering a base output image with a procedural painting system controlled by
one or more parameters, wherein the base output image is based on a received
input image;

calculating a score for the base output image, using a classifier trained to

calculate a score based on how an image corresponds to a received painting

style;
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determining a plurality of randomized sets of metaparameters for the procedural
painting system, wherein each metaparameter comprises two or more
parameters;

rendering a plurality of intermediate output images by the procedural painting
system, wherein the parameters of the procedural painting system for each
intermediate output image in the plurality of intermediate output images are
determined based on the plurality of randomized sets of metaparameters;

calculating a score for each intermediate output image in the plurality of
intermediate output images, using the trained classifier;

identifying an optimal set of metaparameters based on the calculated score for
each intermediate output image.

The computer readable storage medium of claim 14, the operations further comprising:

determining a plurality of randomized sets of parameters for the procedural
painting system;

rendering a plurality of final output images by the procedural painting system,
wherein the parameters of the procedural painting system for each final output
image in the plurality of final output images are determined based on the plurality
of randomized sets of parameters;

calculating a score for each final output image in the plurality of final output
images, using the trained classifier; and

identifying an optimal final output image based on the calculated score for
each final output image.

The computer readable storage medium of claim 15, wherein the procedural painting
system renders the base output image, the intermediate output image, and the final output

image using curvilinear patches.

The computer readable storage medium of claim 13, the operations further comprising:

rendering an edge layer of the output image based on the input image; and

rendering a patch layer of the output image based on the input image.
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The computer readable storage medium of claim 13, the operations further comprising
training a classifier to calculate a score based on how an image corresponds to the
received painting style, using a machine learning algorithm, wherein the training

comprises:

receiving positive and negative samples for the received painting

style;

extracting image patches from the positive and negative samples;

extracting one or more image features from the image patches; and

using the machine learning algorithm to train the classifier to score

image features of the received painting style.
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