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Abstract A practical image enhancing technique is pre-
sented as a preprocessing step for painterly rendering and
image stylization, which transforms the input image mim-
icking the vision of artists. The new method contains mainly
two parts dealing with artistic enhancement and color ad-
justment, respectively. First, through feature extraction and
simplification, an abstract shadow map is constructed for the
input image, which is then taken as a guide for emphasizing
the light–shadow contrast and the important shadow lines.
Next, to simulate the intense color emotion often subjec-
tively added by the artist, a color adjustment technique is
proposed to generate lively colors with sharp contrast imitat-
ing the artistic vision. The preprocessing operation is com-
patible with existing stylization and stroke-based painterly
rendering techniques, and it can also produce different types
of stylization results independently.
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1 Introduction

Non-photorealistic rendering (NPR) techniques aim to cre-
ate painting-like results from real photos/videos. Current
NPR techniques focus mainly on simulating artists’ actual
painting process, in order to “leave the mechanical details
of artistic creation to a computer.” Increasingly more sophis-
ticated rendering systems have been developed to simulate
more closely “how artists paint,” but little attention has been
paid on “how artists observe.” As shown in Fig. 1, real paint-
ings often feature strong light–shadow contrast, important
lines emphasis and lively color scheme. It is the combination
of these artistic features that delivers a vibrant and strong
visual impact. However, NPR results are often seen to be
strongly dependent on the quality of input photos, and the
result can appear flat and blunted if the input image is short
of artistic features. To overcome this problem, we focus on
the “observation” side of art creation, and aim to enhance the
input image realizing artistic vision so that it can be used for
a better rendering effect.

By comparing real paintings of different styles, we iden-
tify three key features that reflect the artistic vision. First, it
is noticed that the relationship between light and shadow is
often simplified, and the shadow area is usually drawn on
a separate layer to enhance the contrast between light and
dark, especially for cartoon works (see Fig. 1(a)). Secondly,
the line draft is employed not only to describe the overall
composition of an artwork, but also to emphasize some im-
portant shadow lines (see Fig. 1(a–b)). Last but not least,
the color scheme tends to be exaggerated and contrasted to
produce stronger visual impact (see Fig. 1(a–b)).

Based on the above observation, we present an image en-
hancement technique to mimic artistic observation, which
includes two main operation steps. In the artistic enhance-
ment step, a simplified shadow layer is extracted from the
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Fig. 1 Some real paintings of different styles. Photo credit: Flickr user
Ahmed (a) and wizan (b)

input image, which is then used for the enhancement of
light–shadow contrast. Based on the abstract shadow map,
a Gabor feature behavior analysis technique is proposed to
identify and emphasize the significant contours and shadow
lines at different levels. In the color adjustment step, a mod-
ulating scheme adapted to real toning process is developed
to create lively colors with sharp contrast. Experimental re-
sults show that our preprocessing technique can add lively
artistic features to a wide range of input images, and, as a
supplementary tool, it can be readily connected to existing
stroke-based rendering systems to produce better artistic ef-
fect.

2 Related work

Over the past decade, stroke-based painterly rendering tech-
niques have been extensively studied [11, 20, 22]. By con-
sidering temporal coherence in video clips, Litwinowicz
[24] designed an automatic filter to produce impressionism
animations in a hand-drawing style. Hertzmann [9] proposed
a multi-level stroke distribution strategy with a curved stroke
model, in which the painting style can be adjusted by some
tuning parameters. Hays and Essa [8] proposed an RBF-
interpolation based technique to compute the stroke orien-
tation, which works particularly well for images with large
smooth content areas. Zeng et al. [42] presented a new ren-
dering framework based on a hierarchial parsing tree to de-
scribe the semantic information of an image, and their ap-
proach can generate oil-painting effects similar to human
perception. Based on the same idea, Zhao and Zhu [45] pre-
sented an interactive painting system “Sisley” which can
help amateur users to create their own artistic works. Fo-
cused mainly on video, Lee et al. [21] proposed a novel
technique to compute the stroke orientation field by tak-
ing into account object movements in the input video clip.
By using a segmentation based rendering technique with a
new stroke assignment strategy, Kagaya et al. [16] devel-
oped an improved framework to generate rendering results
in multiple styles. To further improve temporal coherence in
video rendering, Huang et al. [13] proposed a video layering

based painterly rendering technique to combine layering and
painting techniques, such that flickering artifacts are reduced
considerably. O’Donovan and Hertzmann [28] proposed an
interactive painting system which allows more direct opera-
tion of the paint creation by supporting spectrum interaction,
and demonstrated a new idea to control the overall painting
process.

The methods discussed above focus mainly on the render-
ing side and pay less attention to enhancing the input image
itself, so the rendering results can potentially be unsatisfac-
tory especially when the input images are lack of artistic
features.

Some image abstraction and stylization research also pro-
vides inspiration for this work. DeCarlo and Santella [6] em-
ployed the mean-shift segmentation [4] to guide the sim-
plification of image content in a hierarchical system, and
a human perception model was used along with a set of
eye tracking data to identify the significant structures. Wang
et al. [35] and Collomosse et al. [3] extended this work
into 3-dimensional space. Specifically, Wang et al. [35]
treated the video as a space-time volume and proposed an
anisotropic kernel mean shift technique to generate cartoon-
like results, and Collomosse et al. [3] proposed a similar
mean-shift based system which not only maintained good
spatio-temporal coherence but was also able to produce
more artistic styles, such as cartoon, sketchy, oil and water-
color paintings. Wen et al. [37] presented a color sketch gen-
eration system, based on an interactive mean-shift algorithm
equipped with a boundary shrinking and color shift strategy,
and the system could produce freehand drawing styles. Win-
nemöller et al. [38] modified the mean-shift based abstrac-
tion framework by employing the bilateral filter to smooth
the input media data and using the Difference of Gauss
(DoG) edge model to further increase the distinction of high
contrast regions. This technique could produce cartoon-like
effects with good computational efficiency. Kang et al. [18]
further improved this technique by introducing a flow-based
image abstraction technique. In their system, the line extrac-
tion and the smoothing process were guided by a vector field
which describes the flow of salient features, and the quality
of results was improved considerably. Zhang et al. [44] pro-
posed an online video stream stylization technique which
can maintain spatio-temporal coherence, and by using an
additional color template, the color style of the results was
in accordance with typical cartoon works. Kyprianidis and
Kang [19] proposed an image/video stylization framework
which is based on a flow field guided adaptive line integral
convolution and shock filtering, and this approach can ef-
fectively generate the abstraction version of the input while
preserving the overall image structure.

The above abstraction and stylization techniques deem-
phasize “insignificant” image features, while paying little at-
tention to artwork-like representation. Although Wen et al.
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Fig. 2 The artistic
preprocessing framework

[37] and Zhang et al. [44] noticed the difference of color
styles between photos and real paintings, they only consid-
ered the brightness of the target image [37] or required an
extra artistic template [44].

Our work is also related to some line emphasis research.
Gooch et al. [7] employed the DoG edge detector and a
brightness perception model to generate human facial illus-
trations. Raskar et al. [30] designed a novel camera with
multiple flashes which can distinguish the depth edges from
intensity edges, and based on the detected edges, the sys-
tem can generate stylized and animated images. Kang et al.
[17] proposed a video-flow based DoG edge model, and fo-
cused on generating consecutive and coherent line drawings.
These edge-detection based techniques mainly rely on the
local color contrast of the image, and as a result they do not
distinguish between texture lines in regions with high color
contrast and structural contours that are particularly impor-
tant from the artistic viewpoint.

3 Algorithm

Research in human visual systems [31, 32] indicate that the
significant contours are usually first observed when viewing
an object. Then, the object’s global appearance is perceived
by its overall color distribution, after which the fine details
and textures are reflected by the local light–shadow contrast.
The real painting process is similar: a line draft is often first
created to constrain the overall composition of a picture and
to enhance the significant contours and details at different
levels; then, vivid colors with emotional contrast are painted
to express intense emotions; and finally, the shadow areas
are refined to present either realistic or abstract results. Our

artistic preprocessing technique mainly focuses on artistic
enhancement and color adjustment, as shown in Fig. 2. As
the enhancement of the light–shadow contrast will change
image brightness, we perform this operation in the first step
and then compensate the changes in the color adjustment
scheme.

3.1 Artistic enhancement

The artistic enhancement mainly treats light–shadow con-
trast, significant contour and shadow line emphasis, which
are detailed in the following subsections.

3.1.1 Shadow abstraction

The shadow abstraction is implemented via two steps:
(1) each pixel is assigned a flag to denote whether it be-
longs to a light area or a shadow area; (2) the flagged pixels
are clustered and the resulting shadow regions are further
simplified to form the abstract shadow layer. The motivation
of our shadow abstraction algorithm partially comes from
artistic binarization such as in Mould and Grant [27], Xu
and Kaplan [41], but they did not provide an effective sim-
plification strategy.

Extraction A simple way to label pixels with light or
shadow flags is to set up a threshold, either automatically
(see e.g. [23, 29, 33]) or interactively. It is desired that the
labeling process refers not only to the global average light-
ness but also to the local contrast and the spatial coherence.
Also, in order to satisfy different preferences, it is necessary
to allow the user to specify the overall light or dark tone.
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Therefore, an energy function combining the above consid-
erations is designed and we employ graph cut [1] to find the
optimal labeling of light and shadow.

Let I (p) denote the intensity of a pixel p and Lp denote
its shadow status, i.e. Lp = 0 indicating shadow and Lp = 1
indicating light. The cost function of each pixel p is formu-
lated as

Cp(Lp,Lq) = Dp(Lp) + αs · S(p,q)(Lp,Lq) (1)

where αs ∈ [0,1] is a balancing factor, and the data term
Dp(Lp) and the smooth term S(p,q)(Lp,Lq) are defined as

Dp(Lp) = (
αg · (I (p) − φ · Mg(I)

)

+ (1 − αg) · (I (p) − Ml(N)
)) · signD(Lp) (2)

and

S(p,q)(Lp,Lq)

=
∑

q∈N(p)

signE(Lp,Lq) · ∣∣I (p) − I (q)
∣∣. (3)

The data term Dp(Lp) (2) indicates the light–shadow sta-
tus of each pixel and the smooth term S(p,q)(Lp,Lq) (3)
indicates the influence from neighboring pixels. In Eq. (2),
αg is a trade-off factor which determines how the global av-
erage intensity Mg(I) affects the results, Ml(N) is the local
average intensity of the neighborhood centering at pixel p

(the size of the neighborhood is set as 5 × 5 in our ex-
periments), φ is an adjustable parameter that allows the
user to determine the black or white tone of the shadow
layer, and the sign function signD(Lp) in the Dp(Lp) term
equals 1 if Lp = 0 and equals −1 if Lp = 1. In the smooth
term S(p,q)(Lp,Lq), N(p) represents the neighborhood of
pixel p, and the sign function signE(Lp,Lq) equals 0 if
Lp = Lq and equals 1 otherwise. Following the saliency de-
tection technique in Cheng et al. [2], the factor αg can be de-
termined by the saliency s(p) of the pixel p as 1−s(p)/255.

Finally, the classic graph cut is employed to find an op-
timal labeling scheme which minimizes the total cost of all
the pixels, and construct a binary map that approximately
depicts the shadow distribution.

Simplification The binary image obtained from the above
extraction step cannot be used as the shadow map because of
the mottled artifacts caused by the noise. In order to remove
these artifacts and form a smooth shadow map, the mean-
shift clustering algorithm [4] is employed to obtain an initial
shadow region, which is then further simplified to simulate
the rectilinear shadow line often appearing in real artworks.

For each separate shadow region obtained from the mean-
shift clustering algorithm, the contour pixels are extracted
and ordered to form a list �(R), and the curvature c(p) at
each point p in the list is then calculated. Our goal is to find

Fig. 3 Shadow abstraction: (a) the input image; (b), (c) the extracted
shadow layers at different simplification levels; (d) the result after over-
laying the shadow layer

a down-sampled list �̂(R) such that

arg min
�̂(R)

( ∑

p∈�̂(R)

c(p) −
∑

p∈�(R)

c(p)

)2

. (4)

The down-sampling factor for the list �̂(R) is set as 2, and
this coarsening process can be performed repeatedly to ob-
tain the shadows at different simplification levels (denoted
as Ls ). After obtaining the simplified contours, each sep-
arate shadow region is filled with the mean value of the
pixels belonging to this region. Figure 3 shows an example
of shadow abstraction, where Fig. 3(a) is the input photo,
Fig. 3(b) and (c) the extracted shadow layers at different
simplification levels, and Fig. 3(d) the result after adding
the shadow map to the original image.

To examine the performance of shadow abstraction, we
compare it with the artistic binarization technique [27] in
Fig. 4, where the left column shows the input images, the
middle column the results produced by Mould and Grant
[27], and the right column our results. Unlike the artistic
binarization method which focuses on finding the optimal
black-and-white version of the inputs, our shadow abstrac-
tion technique generates an abstract and simplified shadow
layer with sharp contrast between light and dark, which is
more suitable for artistic enhancement.

3.1.2 Line emphasis

Differently from previous line emphasis techniques [5, 12,
18, 36, 38, 39, 43] that are based on edge detectors, we
present a new approach based on Gabor feature analysis,
which provides multi-level line maps allowing regions with
different visual significance to be emphasized at different
levels.
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Fig. 4 Comparison of shadow abstraction and artistic binarization.
The left column shows the input images, the middle column the results
of previous binarization technique, and the right column our shadow
abstraction results

The Gabor filter was first introduced by Dennis Gabor,
and for 2D image signals the Gabor-energy can be formu-
lated as [34]:

eλ,θ,σ (x, y) =
√

Rλ,θ,σ,0(x, y)2 + Rλ,θ,σ, π
2
(x, y)2, (5)

where Rλ,θ,σ,0(x, y) and Rλ,θ,σ, π
2
(x, y) are the real and

imaginary Gabor filter responses. The superposition re-
sponse eλ is computed as the pixel-wise maximum response
in all orientations (i.e. θ = 0, θ = π

8 , . . . , θ = 7π
8 ), where σ

is set to 1.0 in all calculations.
Our main idea is to identify the significant contours and

the detail regions, and then emphasize them at different lev-
els using lines of various sizes. With the change of spatial
frequencies λ, the Gabor responses eλ vary differently for
the texture-like and the contour-like areas. Specifically, for
texture areas the response decreases as the scale increases,
while for contours the response always increases or stays
unchanged. An example is given in Fig. 5(a–c), where the
superposition Gabor responses of Fig. 3(a) are computed at
three different spatial frequencies, λ = √

2,4
√

2,7
√

2.
Based on this observation, we compute the superposition

Gabor response at seven different frequencies, denoted by
eλ1 , eλ2 , . . . , eλ7 , and use them as the main technical refer-
ences to extract the line drafts of input images. Specifically,
the line draft of the detail regions LD is extracted as

LD(x, y) =
∑6

i=1
Ei(x, y)μ

(
Ei(x, y)

)
, (6)

where Ei(x, y) is the initial estimation of the line draft at
the scale λi , and μ(Ei(x, y)) is the adjustment term due to
spatial correlation. The line drafts at different scales are cal-
culated by comparing the difference between superposition
Gabor-energy responses at neighboring scales, i.e.

Ei(x, y) = (
eλi

(x, y) − eλi+1(x, y)
)

Fig. 5 Line emphasis illustration: (a), (b), (c) superposition Gabor
responses of Fig. 3(a) at spatial frequencies λ = √

2, λ = 4
√

2 and
λ = 7

√
2, respectively; (d), (e) the separation of the detail regions and

the significant contours; (f) the line draft formed for the input image

× sign
(
eλi

(x, y) − eλi+1(x, y)
)
, (7)

where sign(z) denotes the sign function that equals 1 if z > 0
and equals 0 if z ≤ 0. The response of each pixel is influ-
enced by its neighbors through the adjustment term

μ
(
Ei(x, y)

) =
∑

(x′,y′)∈Ω
Ei

(
x′, y′), (8)

where Ω denotes the neighborhood of the pixel p(x, y). The
radius of Ω is set as 2 in our implementation.

Then the line draft of the contour regions can be obtained
as

LC = eλ1 − γ · Gσ ∗ LD, (9)

where eλ1 is the superposition Gabor response computed for
the lowest spatial frequency λ1 = √

2 containing all texture
information with fine details, Gσ ∗ LD is the convolution of
a Gaussian kernel Gσ and the image details LD obtained in
Eq. (6), and γ ∈ [1.0,8.0] is an adjustable parameter con-
trolling the sensitivity of the contour regions (with 1 indi-
cating the highest sensitivity of contour detection and 8 the
lowest sensitivity).

Finally, the line draft of the image can be obtained by
blending the image details LD , the contours LC , and the de-
tails coming from the shadow map LDs (which is computed
in a similar way as Eq. (6)). Figure 5(d) shows the detail
features (i.e. LD) extracted from Fig. 3(a), Fig. 5(e) shows
the significant contours (i.e. LC ), and Fig. 5(f) shows the
blended line draft for the input image.

Previous edge detection works such as Gooch et al. [7],
Winnemöller et al. [38] and Kang et al. [17] aim to pro-
duce uniform line maps, and can generate impressive re-
sults, while our approach has different goal that tries to
separate the details and the significant contours, so regions
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Fig. 6 Comparison with DoG
edge detector: (a) the input;
(b)–(d) DoG edge detection
results with different sensitivity
(τ = 0.900,0.980.0.998);
(e) the superposition Gabor
responses eλ1 with frequency
λ1 = √

2; (f), (g) separated
detail and contour part LD and
LC with γ = 6.0

with different visual significance can be emphasized at dif-
ferent levels flexibly. Figure 6 shows a comparison with
the DoG (difference-of-Gaussians) edge detector (which is
widely applied in edge detection such as Gooch et al. [7],
Winnemöller et al. [38] and Kang et al. [17]) with different
degrees of detection sensitivity. From the results it can be
viewed that, for DoG edge detector in Fig. 6(b–d), details
can be gradually removed as the decrease of the detection
sensitivity; however, significant contours also become less
prominent. While our approach can separate details from the
initial superposition Gabor response and preserve coherent
and clear contours, as shown in Fig. 6(e–g).

3.2 Color adjustment

Real artworks, which appear intense and emotional, often
feature vivid colors with strong contrast. To achieve such
effect, a color adjustment scheme is proposed to help users
create artistic color style. Differently from simple color-
saturation adjustment, the new scheme emphasizes the “fea-
ture” of each color to produce an emotional contrast. To-
gether with a compensation technique that is consistent with
the real color toning process, it provides a closer imitation
of real artworks’ color features.

First, a chromatic map is extracted by removing the influ-
ence of lightness. Specifically, after decomposing the input
image in the L∗a∗b∗ color space, its chromatic map can be
obtained by merging the original a∗ and b∗ channels with a
neutral light channel set as the mid-value of the whole range.
Using this map, the R, G, B color components of each pixel
are enhanced as

C′(p) = CI (p) · 1 + tanh(ρ · (CM(p) − 128))

2
(10)

where CI (p) is the original color of the result obtained in
Sect. 3.1.1 at pixel p, CM(p) is the color of the correspond-
ing pixel in the chromatic map, and ρ is an adjustable factor
controlling the enhancement level (typical values are in the
range of [0.005, 0.2]).

The artistic enhancement and color adjustment may
cause undesired changes to the overall brightness of the in-
put image. For real paintings, artists commonly adjust the
overall tone of the canvas by adding white or black color.
Inspired by this, a tone adjustment scheme is designed and
we operate it separately in each color channel of the RGB
color space:

Ĉ(p) = C′(p) + 2κ · Cw · (1 − ∣∣C′(p) − μc

∣∣/μc

)
, (11)

where Ĉ(p) is the adjusted color of each pixel p, C′(p)

the current color before adjustment, κ ∈ [1.0,4.0] a tuning
parameter which controls the compensation extent, Cw the
white color (i.e. 255 for each color channel), μc the average
value in each color channel. The adjusted color Ĉ(p) is reset
to the boundary value (i.e. 0 or 255) if its calculated value
falls outside the range of [0,255]. Using the above color ad-
justment scheme, a stronger tone adjustment is delivered to
pixels that have an average color intensity.

Figure 7 shows the comparison of our color adjustment
scheme and the saturation correction operation in Photoshop
CS4. Figure 7(a) is the input image, Fig. 7(b) and (c) are the
Photoshop results of color saturation correction processed
at different degrees, and Fig. 7(d) is our result. Differently
from the simple linear saturation correction in Photoshop
CS4, our adjustment scheme concentrates more on empha-
sizing the “feature” of each color. That is, the advantage
component of a color is amplified and other components are
suppressed, so that the overall color saturation can keep bal-
anced while the overall color style appears lively with sharp
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Fig. 7 Comparison of our color adjustment scheme and linear satura-
tion correction: (a) the input image; (b), (c) linear saturation correction
by Photoshop CS4; (d) our adjustment result

Fig. 8 Comparison of a recent color transfer method and our color ad-
justment scheme: (a) the input image; (b) an artistic version created by
a professional artist; (c) the result produced by Xiao and Ma [40] using
(b) as the template along with some manual adjustment (total process-
ing time: 33 seconds); (d) the result produced by our color adjustment
scheme (total adjustment time: 9 seconds)

contrast. The new technique is more consistent with the real
toning process and the artifact of oversaturation (as shown
in the red boxes of Fig. 7(b) and (c)) can be avoided.

Figure 8 shows another comparison with the recent color
transfer method proposed by Xiao and Ma [40]. Figure 8(a)
shows the input image, and Fig. 8(b) shows an artistic ver-
sion created by a professional artist, which is taken in this
comparison as the ground truth for artistic enhancement.
Figure 8(c) is the result from Xiao and Ma [40], where
Fig. 8(b) is used as the template to transfer its color style
to the input image and some manual color adjustments are
applied using Photoshop CS4 to achieve the best imitation
of Fig. 8(b). Figure 8(d) is our result, which is obtained di-
rectly from the input image through the proposed automatic
color adjustment scheme. It can be seen that our method pro-

vides a color style with sharp contrast which is more consis-
tent with the professional artist’s result, such as the color of
the lake and the contrast between land and sky. In addition,
the proposed color adjustment scheme is much more effi-
cient and significantly reduces the processing time from 33
to 9 seconds.

4 Experimental results

In this section, several experiments and comparisons are pre-
sented to examine the performance of the new preprocessing
technique. All experiments are performed on a PC platform
with an Intel 3.0 GHz Dual-Core CPU and 4 GB RAM. For
an image with an approximate size of 600×800, the average
running time is 4 seconds.

Artistic preprocessing We first examine how the proposed
preprocessing technique can benefit existing NPR systems.
As shown in Fig. 9, four input images of dramatically differ-
ent scenes (portrait, landscape, seascape, river land) are cho-
sen for the demonstration. In Fig. 9, the left column shows
the input pictures, the middle column shows the results di-
rectly obtained from existing NPR systems, and the right
column shows the results from existing NPR systems af-
ter applying the proposed artistic preprocessing technique.
From the top to the bottom row, we compare respectively the
rendering software Toon-FX (the free trial version used for
test purpose, so the watermark remained) released by Win-
nemöller et al. [38], the stroke-based rendering platform pro-
posed by Huang et al. [13, 14], the poster edge filter and the
crayon filter in Photoshop CS4. The comparison shows that
the proposed artistic preprocessing technique is versatile and
compatible with existing stylization and stroke-based ren-
dering systems, and can help produce better rendering re-
sults without additional input or user intervention. Our artis-
tic preprocessing technique can also independently produce
stylization results with different artistic effects, and more re-
sults can be viewed in Fig. 10.

User evaluation Quantitative measure of aesthetics re-
mains a challenging task [10], although for specific image
applications some recent progress has been made in this di-
rection [15, 25, 26]. Therefore, for a full evaluation of the
new artistic preprocessing technique, we design a user study
involving both armature users with some art knowledge and
professional art students. Ten groups of rendering results are
produced, and each group contains two images, one directly
rendered with some existing stylization and painterly ren-
dering systems [13, 19, 38], and the other generated by com-
bining with our new preprocessing step. First, these results
were presented to 20 voluntary participants (10 males and
10 females) who have some art knowledge. The users were
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Fig. 9 Artistic preprocessing
benefits existing stylization and
painterly rendering systems.
The first column, including (a),
(d), (g) and (j) shows the input
images. The second column
shows the rendering results
directly obtained from some
existing non-photorealistic
rendering systems,
including (b), the Toon-Fx
software developed by
Winnemöller et al. [38]; (e) the
stroke-based painterly rendering
platform by Huang et al. [13,
14]; (h) the poster edge filter in
Photoshop CS4 and (k) the
crayon filter in Photoshop CS4.
The right column, including (c),
(f), (i) and (l) shows the results
from existing non-photorealistic
rendering systems after applying
the proposed artistic
preprocessing technique

Fig. 10 Stylization results
using the proposed artistic
preprocessing technique. The
left part including (a–d) shows
the input images, and the right
part including (e–h) shows the
results of our approach
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Fig. 11 The user study results

asked to measure the artistic effect of each result and give
a score out of 10 (with 1 indicating the worst and 10 the
best). The user evaluation results are shown in Fig. 11(a, b).
It can be seen in Fig. 11(a) that users generally agree that the
new preprocessing step does improve considerably the per-
formance of existing painterly rendering methods and pro-
duces better artistic effects. From Fig. 11(b) it is seen that
almost all users consider that the overall color style is the
most important reason for the visual effect improvement,
and more than half of them also point out the reason of ab-
stracted shadow layer and sharp contrast along with the em-
phasized lines. The same comparison results were also pre-
sented to 20 art students (10 males and 10 females) for more
professional feedbacks. The evaluation results are shown in
Fig. 11(c, d). It can be seen from Fig. 11(c) that the art stu-
dents are generally more critical for the rendering results,
giving somewhat lower scores. As shown in Fig. 11(d), all
artist users note the improvement of color style, and over
70 % of them point out the reason of shadow lines. It is also
noticed that the art students address more aspects beyond the
current work, which may imply a significant scope of further
exploration for artistic enhancement.

Parameter discussion The visual effect of the proposed
artistic preprocessing technique is primarily controlled by
six parameters, which can be divided into 3 groups, as
shown in Table 1. The parameters αs , φ and Ls control

Table 1 Control parameters for Figs. 9 and 10

αs φ Ls γ ρ κ

Fig. 9(c) 0.20 0.70 3 3.30 0.012 1.9

Fig. 9(f) 0.27 0.64 2 6.25 0.008 1.5

Fig. 9(i) 0.13 0.77 3 N/A 0.006 1.7

Fig. 9(l) 0.34 0.63 3 N/A 0.011 1.6

Fig. 10(e) 0.23 0.67 3 1.50 0.011 1.8

Fig. 10(f) 0.25 0.57 2 1.92 0.011 1.6

Fig. 10(g) 0.16 0.68 4 2.74 0.006 1.6

Fig. 10(h) 0.41 0.57 2 1.77 0.009 1.9

shadow abstraction. Specifically, αs ∈ [0,1] controls the co-
herent degree of shadow layer with a lager value producing a
more coherent result, φ ∈ [0,1] determines the overall black
or white tone of the shadow layer with a lager value produc-
ing a brighter effect, and Ls ∈ [0,8] determines the simplifi-
cation degree of shadow layer with a lager value producing
a simpler result. The parameter γ ∈ [1,8] controls the sen-
sitivity of contour detection and a larger value means lower
sensitivity. The parameters ρ ∈ [0.008,0.2] and κ ∈ [1,4]
control the color adjustment result, and larger values of ρ

and κ provide more colorful and brighter results. Table 1
lists the parameter setting for the results shown in Figs. 9
and 10, where “N/A” means the corresponding step is not
applied.
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5 Conclusions

An artistic preprocessing technique for image stylization
and painterly rendering applications is proposed to enhance
the artistic impression of the rendering result. The practi-
cal method is consistent with the procedure of hand draw-
ing, and through artistic enhancement and color adjustment
it allows much stronger artistic effects to be achieved using
standard rendering methods. Demonstrated by various ex-
amples, the artistic preprocessing operation can significantly
improve the light–shadow contrast, the line emphasis, and
the color scheme. In addition, the proposed preprocessing
technique can also be used as an independent tool to gener-
ate different types of stylization results.

Extending the proposed method into videos may be an
interesting direction for future work, for which the temporal
coherence of the shadow abstraction and line draft gener-
ation between frames can be a new challenge. Another in-
teresting direction is to explore other artistic styles such as
shape exaggeration.
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