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Abstract
This paper proposes an approach to enhance the regional contrasts in snap-shot style portrait photographs by
using pre-modern portrait paintings as aesthetic exemplars. The example portrait painting is selected based on a
comparison of the existing contrast properties of the painting with those of the photograph. The contrast organi-
zation in the selected example painting is transferred to the photograph by mapping the inter- and intra-regional
contrasts of the regions, such as the face and skin areas of the foreground figure, the non-face/skin part of the fore-
ground, and the background region. A piecewise nonlinear transformation curve is used to achieve the contrast
mapping. Finally, the transition boundary between regions is smoothed to achieve the final results. The experi-
mental results and user study demonstrate that, by using this proposed approach, the visual appeal of the portrait
photographs is effectively improved, and the face and the figure become more salient.

Keywords: Image manipulation, regional contrast, portrait photograph enhancement, portrait painting.

Categories and Subject Descriptors (according to ACM CCS): [Computing Methodologies]: Computer graphics—
Image manipulation

1. Introduction

(a) (b) (c)

Figure 1: One of the results produced by our proposed ap-
proach. (a) Original photograph, (b) Reference painting, (c)
Result.

Photo enhancement has received considerable interest
with the prevalence of digital photography. The captured
photograph may not always be as “appealing" as we hope,
due to such influencing factors as: the quality and settings

of the camera, the skill of the operator and the external light
condition. Most existing approaches in image improvement
enhance the appearance of images globally or locally in the
same way for all image categories, regardless whether it is
a portrait picture or a natural scene. Similar to the strategy
of using different modes or lenses to capture landscapes or
portraits, we believe that photos with different subject fo-
cus need to be enhanced in different ways. In this paper,
we address a specific genre of photographs: portrait pho-
tographs, which are photos focusing on the depiction of a
person. Whether you are traveling, enjoying a family event,
or recording your glory moment, everyone very often ends
up shooting portraits. Portrait photos constitute an important
part of our personal photo collections.

In a portrait, the figure, especially the face, is visually pre-
dominant. However, the key to controlling the strength of the
attraction of a portrait is not by simply controlling the value
of the center of interest, but rather by managing the con-
trast between the significant regions of the portrait: the face
and skin areas of the foreground figure, the non-face/skin
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part of the foreground figure and its accessories, and the
background [Per06]. This is done in order to lead the eye
of the viewer to the expression of the figure. The manage-
ment of contrast among all these regions makes the figure
and the face stand out. Therefore, our portrait photograph
enhancement does not focus on the enhancement simply on
the face, but on the relative relationships of the face and skin
areas of the foreground figure, the non-face/skin part of the
foreground figure and its accessories, and the background.
A content-aware automatic photo enhancement method is
proposed in [KLW12] in order to enhance the face, sky and
saliency areas differently. However it only processes these
regions separately and does not consider the relative rela-
tionships between these regions. As a result, the contrast
between the face and the background may be reduced. Al-
though Adobe Photoshop provides a powerful tool for users
to manually edit their images, the skills required to achieve
this region-specific improvement are beyond the scope of ca-
sual users. The user has to mask regions and make decisions
based on the relative relationships of these regions. Addi-
tionally, defining the relative relationships for these regions
in order to make the figure, especially the face more attrac-
tive, is a skill that is not easy to acquire.

Fortunately, portrait paintings, which are a particular class
of the portrait image, supply us with good exemplars for
modifying the relative relationship of these regions. Com-
pared with a photograph, which can be regarded as a projec-
tion of the physical nature, a traditional portrait painting is a
very carefully constructed artefact. Portrait artists are able to
filter and manipulate the subject scene based on their visual
perception [DiP09]. Key to this is the consideration given to
the organization of color contrast values [Arn74]. Almost all
portrait paintings are easily divisible into strong foreground
(FG)/background (BG) regions (Figure 2). The FG is com-
prised of the figure with its accessories, with the remainder
being the BG. In the example paintings shown in Figure 2
and Figure 3(a), the FG figure is darker than the outdoor BG.
In the painting in Figure 3(b), the outdoor BG is darker than
the figure. Despite the difference in strategies that have been
employed, in all the three paintings, the artists have main-
tained a visual emphasis on the figure. The face and skin
areas (FS) are almost the brightest parts of the figure. They
have a high contrast with the non-face/skin part of the FG
(FO) and BG regions. Despite the contrast between these
regions (inter-contrast), there is also contrast organization
within each region (intra-contrast) that serves to express the
emotion on the face, the pose of the body, and also the rich-
ness of the BG. Differently, in snap-shot style photographs
which are more casually framed (“point and shoot"), their
lighting, colorfulness, and the regional contrasts are typi-
cally not well organized (e.g. the two photographs in Figure
3(c)(d)).

In order to better understand the regional contrast orga-
nization of paintings, a statistical comparison on the con-
trast values of lightness and saturation has been conducted

between photographs and paintings. Hue is not touched in
this paper to preserve the natural appearance of photographs.
Differences between paintings and snap-shot photographs
are observed with evidence that the intra-contrast and inter-
contrast values of lightness and saturation in paintings are
more purposefully organized. This contrast organization pur-
posely makes the figure, especially the face, stand out in
the image, while preserving the contrast within each re-
gion in order to serve the visual appeal of the whole image.
This observation inspires us to enhance portrait photographs
through contrast adjustments to their regions according to
the corresponding contrast organization in paintings.

Figure 2: Left: Francisco Goya (1746 - 1828), “Portrait of
King Ferdinand VIII" 1803, Right: the portrait divided into
clear FG / BG.

(a) (b) (c) (d)

Figure 3: (a) “Portrait of Mariana Waldstein", by Fran-
cisco de Goya (1746-1828). (b) “Mrs. Peter William
Baker" by Thomas Gainsborough (1727-1788). (c) and (d)
are photographs. (d) is cropped from an image in the
database [BPCD11].

Therefore, in this paper, we explore a method by which
the high-level lightness and saturation contrast organiza-
tion of portrait paintings can be transferred to portrait pho-
tographs in order to enhance their visual appearance. This is
done with respect to the contrast values of the three regions
FS, FO, and BG. These contrast values are considered both
inter- and intra- regionally. One difficulty in applying re-
gional contrast organization in paintings is that though gen-
eral rules of regional contrast organization can be observed,
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there exists many local variants of these rules. Therefore, in-
stead of a rule-driven approach, an exemplar-based approach
is proposed to enhance the regional contrasts of photographs.
A selected reference painting is used as an exemplar to guide
the enhancement of the portrait photograph. One result pro-
duced by our proposed approach is shown in Figure 1. The
visual appearance of the photograph is improved and the fig-
ure stands out in the photograph.

2. Related Work

Portrait rendering. With the recent development of
painterly rendering, portrait rendering has become an in-
teresting topic in the computer vision and computer graph-
ics research communities. Colton proposed to use a Non-
Photorealistic Rendering (NPR) system to automatically
produce artistic stylized portraits [CVP08]. The artistic
styles in this NPR system were based on painting mate-
rials, color palette and brush models. Some recent work
also attempted to render a portrait photo in an artistic
style [CW08, ZGZ09, MZZ10, YLLea10, Rez12]. However,
the styles were limited to simulating abstraction, line draw-
ing styles or organic models. Face relighting is another pop-
ular research topic. A face lighting template or an example
face image is used as reference to guide the face relighting
of the input image [JZCea10,CSHea10,CJZW12]. All these
research works on the subject of portraits only focus on the
manipulation of the face. Differently, our method not only
considers the face, but also the relationships of the face with
the BG and other parts of the figure.

Image enhancement. Based on the strategy that has been
employed, methods on image enhancement can be classified
into three categories: single image manipulation, learning-
based and exemplar-based methods. While most common
single image manipulation methods only automatically en-
hance the image globally or locally without consideration
of the content, some content-aware methods have been pro-
posed to process regions differently. Rivera et al. proposed
to adjust the contrast differently in the dark, middle and
bright regions [RRC12]. However, the considered regions
were split based on their intensity values and had no high-
level semantic meaning. In addition, only lightness was ad-
justed. Differently, the content-aware method in [KLW12]
aimed to enhance the face, sky and saliency areas differ-
ently. The faces and sky in all the photos were shifted to
a pre-defined exposure or color. The pre-defined face expo-
sure was from the analysis of a set of well-exposed faces,
and the pre-defined sky color was obtained from examin-
ing a set of professional manually-enhanced photographs.
This kind of method that was based on average values from
statistics could generate improved photographs simply and
fast. However, without considering the content of the origi-
nal photograph, this method may adjust the photograph too
far away from its original appearance and reduce the diver-
sity of scenes. In addition, the method in [KLW12] only pro-

cesses regions separately and does not consider their relative
relationships. Apart from automated methods, interactive lo-
cal contrast adjustment methods [LFUS06,DGV09] can ap-
ply change to interest regions or objects through the draw-
ing of brush strokes. These interactive adjustments need time
and skill to master. Users need to make decisions based on
the relative relationships of selected regions.

To circumvent the difficulty in defining the enhance-
ment level for different images in single image manipulation
methods, learning-based methods have been proposed to en-
hance images so that they match specific styles. Bychkovsky
et al. [BPCD11] proposed to learn the global tonal adjust-
ment function from photographers to personalize the tone
adjustment. The global tone adjustment function was learned
from input-output image pairs, where the output images
were those enhanced by professional photographers. Simi-
larly, Wang et al. applied learned color and tone mapping
to stylize the image enhancement [WYX11]. These methods
mostly rely on lower-level image statistics (e.g. color, inten-
sity gradient) and do not exploit object-level semantics other
than the face in [BPCD11]. Though the face is specifically
considered in [BPCD11] for learning the tone mapping, only
a global tone mapping function is learned.

Dale et al. [DJS∗09] proposed to explore three global
restorations: white balance, exposure correction, and con-
trast enhancement, based on a set of “semantically" similar
images selected from a database. Though color transfer was
performed between corresponding segmented regions, only
the global restoration was explored. Joshi et al. proposed to
improve the quality of faces in a personal photo collection
by leveraging better photos of the same person [JMAK10].
This work focused on performing both global and face-
specific corrections. Kang et al. [KKL10] described such an
exemplar-based method where the enhancement parameter
associated with the exemplar image was used to enhance the
input image. The exemplar image was selected based on a
learned metric. This work only performed global tone con-
trast adjustment and color correction. Furthermore, Hwang
et al. [HKK12] proposed to locally correct the color and
tone of the image by searching for the best transformation
for each pixel. The transformation function, which was de-
rived from the best few candidate image pairs on the matched
pixel, was applied to the input pixel. These exemplar-based
methods need the enhancement parameters for the exemplar
image pair to be known as a priori. For pre-modern painting
styles, it is not possible to know the enhancement parame-
ters, therefore the method is not applicable.

Reinhard et al. proposed a color transfer method between
images [RAGS01]. It was conducted by transferring the
mean and variance of the value distribution in lαβ color
space from the example image to the target image. This color
transfer method was used for local color transfer by perform-
ing color transfer between corresponding segmented regions
or swatches [TJT07,WAM02]. Reinhard’s method is a linear
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stretching process. It has the disadvantage that it may extend
the value out of range and over-compress or over-exaggerate
the visual contrast in scene details [XM09].

Differently, Zhang et al. developed a method to enhance
landscape photographs by adjusting the contrast organiza-
tion inter- and intra- depth planes based on an example land-
scape painting [ZCC14]. With a similar consideration, we
conduct contrast adjustment separately on FO, FS and BG
regions of a portrait photograph based on an example por-
trait painting.

3. Paintings vs Photographs

In this section, a statistical comparison of the inter-contrast
and intra-contrast values of lightness and saturation is per-
formed between a set of photographs and a set of paintings.
In addition, the mean values of lightness and saturation of
regions are also compared to show the difference of their
distribution in different regions. Hue is not touched so that
the natural appearance of the photograph will be preserved.

Portrait paintings used for this statistical study are col-
lected from artists of the 17− 18th century such as: Thomas
Gainsborough, Fransisco Goya, Edouard Manet, and Jean-
Auguste-Dominique Ingres. These artists usually maintained
a high dynamic range in their paintings which was simi-
lar to that of professional photographs. In total, 300 por-
trait paintings are collected to form the dataset. 180 of them
are half body portraits and 120 of them are full body por-
traits. 250 portrait photographs from the MIT-Adobe FiveK
Dataset [BPCD11] and 50 from our personal collection are
collected to form the photograph dataset.

Based on Weber’s law, the intra-contrast of one region is
defined as Imax−Imin

Imean
, where Imax and Imin are the maxima and

minima values of the region respectively, and Imean is the
mean value of the region. The inter-contrast between two

regions with mean values M1, M2 is defined as |M1−M2|
min(M1,M2)

.
This definition is similar to the Weber contrast definition
[SW89], where the region with the lowest value is consid-
ered as the BG. The mean and contrast values are calculated
in LCH color space. The L channel best matches the human
perception of the lightness of colors and the Chroma is in-
dicative of saturation.

The boxplots of the mean values and contrast values are
shown in Figure 4. The distribution of mean values shows
that the FS region is generally the brightest part of the paint-
ing and much more colorful than the FO and BG regions.
This is coherent with the objective of portraiture which is to
focus on the expression of the figure, especially on the face.
However, we do not observe this tendency in the lightness
of photographs. Although the saturation of photographs has
this tendency, the difference is not as clear as that of paint-
ings. The inter-contrast represents the relative difference of
mean values. Figure 4(b) clearly shows that the inter-contrast
values of lightness and saturation between FS and FO, FS

and BG in paintings are much larger than those of the pho-
tographs.
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(c) Intra-contrasts (complex BG)
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(d) Intra-contrasts (simple BG)

Figure 4: (a) and (b) Boxplots of mean values and inter-
contrasts of 300 paintings and 300 photographs. The central
line in the box is the median of the distribution, and the edges
of the box are the 25th and 75th percentiles. The two vertical
lines extending from the central box indicate the remaining
data outside the central box, which extend maximally to 1.5
times the height of the central box. The red crosses are the
remaining data (outliers). (c) Boxplots of intra-contrasts of
paintings and photographs with a complex BG. (d) Boxplots
of intra-contrasts of paintings and photographs with a sim-
ple BG.

For the intra-contrast comparison, paintings and pho-
tographs are classified into two classes based on the com-
plexity of the BG. One class has a complex BG (intra-
contrast is shown in Figure 4(c)), the other class has a sim-
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ple BG (intra-contrast is shown in Figure 4(d)). In paintings
with a complex BG, the intra-contrast values of lightness
in FO and BG are more likely to be larger than those of
the photographs. However for the intra-contrast of satura-
tion, we cannot observe clear difference between paintings
and photographs. In both paintings and photographs with a
simple BG, the intra-contrast of the FO is larger than those
of the BG and FS regions. However, the intra-contrast val-
ues of the FO and BG in paintings are smaller than those
of photographs. One more interesting point is that the intra-
contrast values of the lightness and saturation of the FO re-
gion in photographs with a simple BG are larger than those
of photographs with a complex BG. The reason is that the
figure that has been set against a simple BG is more fo-
cused while capturing the photograph. These differences in
the intra-contrast organization between paintings and pho-
tographs show that artists exaggerate the contrast organiza-
tion of regions in paintings. The intra-contrast of a complex
BG is exaggerated to be larger, and the intra-contrast of a
simple BG is reduced to be smaller.

In summary, the regional contrasts of paintings are more
purposely organized than those of photographs. Larger inter-
contrast is used by painters to attract the focus of attention on
the face or the figure in portrait paintings. The intra-contrast
values of regions are also specially organized by painters to
serve the visual appeal of the painting.

4. Overview

Statistics in the preceding section has shown the purposely
created lightness and saturation inter-contrast and intra-
contrast organization in paintings. This section attempts to
use this contrast organization as reference to enhance pho-
tographs. The framework of our exemplar-based portrait
photograph enhancement is shown in Figure 5.

Figure 5: Framework of the proposed approach.

The proposed exemplar-based approach starts with the

segmentation of FG and BG regions plus face/skin area de-
tection. Although a lot of research has been done on hu-
man detection, it is still a challenge to accurately extract
the human shape from 2D images. In this paper, we propose
to use GrabCut [RKB04] to segment FG and BG regions
with an initialization window. The technique in [FMJZ08]
is used to define the initialization window. Instead of us-
ing the upper-body detector in [FMJZ08], the upper-body
region is estimated based on the location and size of the de-
tected face region. The Haar detector of OpenCV is used
to detect the face. Given the location of the left top cor-
ner (x, y), the width W , and height H of the face win-
dow, an upper-body window is defined as R = F + A ◦B,
where F = [x,y,W,H], B = [W,H,W,H], A is the scale
vector to enlarge the face window. In our implementation,
A = [−1.8,−0.5,3.6,3.5] is used for faces around the verti-
cal center area, A = [−2.4,−0.5,4.1,3.5] is used for faces
located in the right side of the photograoh, while A =
[−1.7,−0.5,4.1,3.5] is used for faces located in the left side.
For an image with a complex BG, the segmented FG may not
be so accurate. As in [RKB04], a user interface is provided
for users to draw some strokes to refine the results. The face
mask and skin areas are detected based on the skin color in
the figure using the method in [Fai10] with our morphologi-
cal post-processing. Two results are shown in Figure 6.

(a) Input (b) FG (c) Face and Skin

Figure 6: FG/BG segmentation and face/skin area detection.
The red window in the input photograph is the face window,
the green window is the initialization window for Grabcut.
The blue and purple lines are the FG and BG brushes for
refining the FG/BG segmentation.

Given the segmented BG region, detected face and skin
areas, and the FO region, the portrait painting database is
then searched for the best matching reference paintings. The
similarity of paintings and photographs is judged based on
their original contrast values.

Then, using a user-selected painting among the top ranked
reference paintings as an exemplar, the regional contrasts
in the portrait photograph are enhanced. The operation on
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lightness and saturation is performed separately in the same
way. Finally, the transition boundary between regions is
smoothed.

5. Reference Selection

The main objective of reference selection is to select ref-
erence paintings that can produce more pleasing results as
compared to the original photograph, while not pushing
the photograph too far away from its original natural prop-
erty. Because our portrait enhancement approach enhances
relative relationships of regions, therefore reference paint-
ings should be selected based on these relative relation-
ships. The relationships among regions can be modeled as
a graph as shown in Figure 7. The features within regions
Ψ = {ΨS,ΨO,ΨB} and the relationships among regions
Φ = {ΦSO,ΦSB,ΦOB} are used to select reference paint-
ings, where ΨS, ΨO, and ΨB are the features within FS,
FO and BG respectively, and ΦSO, ΦSB, and ΦOB are the
relationship features between FS and FO, FS and BG, FO
and BG respectively. After calculating the graph V = (Φ,Ψ)
for each image, the task is to determine the similarity of
the graphs between input photographs and paintings. Par-
ticularly, paintings that can produce more pleasing results to
the original input photograph should be ranked higher in the
selection process in terms of graph similarity according to
some distance metric. Therefore, distance metric learning is
proposed to determine the similarity of paintings and input
photographs based on the graph model.

Figure 7: The graph model to show the relationships of re-
gions.

The features within each region are mean values of light-
ness and saturation, 10-bins histograms of lightness and sat-
uration, maxima (95th percentile value), minima (5th per-
centile value) values of lightness and saturation distribu-
tions, and intra-contrast values of lightness and saturation.
The BG global contrast factor GB is also calculated as a
feature to describe the complexity of the BG. A highly de-
tailed and variation-rich BG will have a high global contrast
factor and a simple BG will have a low global contrast fac-
tor [MNNea05]. The global contrast factor is calculated as
the weighted average of local contrasts at various resolution

levels (more details can be found in [MNNea05]). The rela-
tionships among regions Φ are defined by the inter-contrast
values of lightness and saturation between FS and FO, FS
and BG, and FO and BG.

Given the features, the distance metric between the input
photograph Ii and painting R j is

D(i, j) =
N

∑
k=1

αk(v
k
i − vk

j)
2 (1)

where α is the parameter to linearly combine the distance of
features. vk

i is the kth feature in the feature vector formed by
concatenating the ordered graph attributes of photograph Ii,
and vk

j is the kth feature in the feature vector, formed in the
same way, of painting R j. The objective here is to determine
the parameter α such that paintings which are more likely
to produce more pleasing results are closer to the input pho-
tograph than others. As in [KKL10, HKK12], we learn the
parameter α by using a target distance function Dt(i, j). The
parameter α is determined by minimizing the objective func-
tion

argmin
α ∑

i, j
‖D(i, j)−Dt(i, j)‖2 (2)

The target distance Dt(i, j) is defined based on the assigned
score by a human expert for an enhanced photograph from
a photograph-painting pair (i, j). Smaller distance signifies
a more pleasingly enhanced photograph and larger distance
signifies an unacceptably enhanced photograph. Minimizing
this objective function returns an appropriate distance func-
tion that reflects how far the photograph and painting should
be in terms of their enhancement results. This objective func-
tion is convex and the unique optimum can be easily found
by running a gradient descent procedure.

To learn the distance metric, the collected 300 portrait
paintings (180 half body portraits and 120 full body por-
traits) are used as references to generate enhancement results
for each training photograph. The target distance function is
Dt(i, j) = 1

S(i, j) , where S(i, j) is the assigned score by an
expert for the enhanced photograph Ii by using the painting
R j as reference. The expert has lot of experience on photo
adjustment. It is a challenge to score an image directly for
its aesthetic value due to subjective preferences. However,
it might be more consistent for classifying enhancement re-
sults to be good, acceptable or unacceptable. Therefore, in-
stead of directly giving a score, the expert is asked to clas-
sify the enhancement results for 32 half body portrait pho-
tographs and 30 full body portrait photographs to three cate-
gories: good, acceptable and unacceptable with pre-set score
values. The highest score is given to results judged as good,
the lowest score is given to results judged as unacceptable,
and the score for results judged as acceptable is in the mid-
dle. In our implementation, the assigned values for S(i, j) are
1, 3, and 5. For each half body portrait photograph, 180 en-
hancement results are obtained while 120 enhancement re-
sults are obtained for each full body portrait photograph.
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The expert only classifies the ones that can be confidently
assigned to one of the three categories, otherwise they are
discarded. Finally, we collected 2776 samples to learn the
distance metric for half body portraits and 1381 samples for
full body portraits.

6. Contrast Mapping

Based on the definition of intra-contrast, adjusting the value
spread range and mean can change the intra-contrast. Mean-
while, adjusting the mean value of each region changes the
inter-contrast of regions. More formally this means that we
could adjust the mean and spread range of values in re-
gions of photographs with reference to those of the refer-
ence paintings to map the contrast to that of the latter. Con-
trast stretching is a commonly used technique to change the
spread range to enhance contrast while avoiding artifacts.
The spread range can be expressed as maxima - minima.
Therefore, we can map the maxima and minima values in-
stead of mapping the spread range directly.

Given the target mean value mt
s, maxima Itmax, minima

Itmin, the task of the contrast mapping is

I(ms, Imax, Imin)
f−→ I′(mt

s, I
t
max, I

t
min) (3)

Piecewise linear contrast stretching has been used in
[ZCC12] to adjust the mean, maxima and minima values of
regions. This piecewise linear transformation is not contin-
uously differentiable across a histogram span, which may
cause contouring artifacts [DGV09]. Moreover, this method
may produce out of range mapping. To more effectively
perform contrast mapping, an interpolating transformation
curve is piecewisely defined, and it is monotonically in-
creasing and continuously differentiable. This interpolat-
ing transformation curve is known as histogram warping
in [GD04, DGV09]. For a given set of control points (ak ,
bk, dk), where bk = f (ak), dk = f ′(ak) which is the contrast
adjustment at the key value ak, the transformation curve is
generated using a piecewise rational quadratic interpolating
spline [SAMA97]:

f (x) = bk−1 +
(rkt

2 +dk−1(1− t)t)(bk − bk−1)

rk +(dk +dk−1 − 2rk)(1− t)t
(4)

where rk =
bk−bk−1
ak−ak−1

and for x ∈ [ak−1,ak], t =
x−ak−1
ak−ak−1

.

In [DGV09], the control points are specified by users
while the control points are generated automatically based
on the analysis of the histogram in [GD04]. Differently, in
our application, we have three control points which are auto-
matically defined based on the original and target mean, min-
ima and maxima values. Specifically, the three control points
are (a1, b1, d1) = (Imin, Itmin, d1), (a2, b2, d2) = (ms, mt

s, d2)
and (a3, b3, d3) = (Imax, Itmax, d3), and two endpoints are (0,
0, d0) and (1, 1, d4). The definition of the contrast adjust-
ment at each point controls the shape of the transformation
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Figure 8: Contrast mapping. (a) Transformation curve, (b)
Convergence of maxima, minima and mean values.

curve. To fit a piecewise linear curve, as the work in [GD04],
the contrast adjustments at the control points are defined as
the geometric mean of the slopes weighted by the probabil-
ity mass of the slopes’ intervals. Given d0 =

b1
a1

, d4 =
1−b3
1−a3

,
the contrast adjustments dk , k=1, 2, 3 are

dk =

(
bk − bk−1

ak − ak−1

)gl
k
(

bk+1 − bk

ak+1 − ak

)gh
k

(5)

where gl
k =

F(ak)−F(ak−1)
F(ak+1)−F(ak−1)

and gh
k =

F(ak+1)−F(ak)
F(ak+1)−F(ak−1)

are the

slope weights. F(x) is the cumulative distribution function.
An example of the transformation curve is shown in Figure
8(a).

Good contrast within an image is not simply a case of the
higher being the better. Artists are skilled at controlling the
perceptually high contrast values of their paintings. How-
ever, giving high computational contrast to the photographs
cannot ensure a good perceptual look. Therefore, the target
inter- and intra-contrasts may not exactly move to those of
the reference. This means that the reference painting pro-
vides the template by which the photograph will be changed,
but how close the match is to this template depends on the
original image and also the user’s preference. Thus, two pa-
rameters α, β are used to control the inter-contrast and intra-
contrast mapping. Since the inter-contrast is the relative dif-
ference of mean values, and the mean lightness and satu-
ration values also influence the appearance of the image,
the inter-contrast mapping is then performed by moving the
mean value of each region to somewhere close to that of the
reference. Given the mean value ms of one region I of the
photograph and the mean value mr of the corresponding re-
gion Ir of the reference, the mean value is shifted towards to
mr and the magnitude of shift is controlled by a weight α in
[0,1].

mt
s = ms +α(mr −ms) (6)

This adjustment on the mean value implies that the inter-
contrast of the input is moved close to that of the reference
controlled by α. Given the intra-contrast values of I and Ir
as cs, cr respectively, the target intra-contrast is

ct
s = cs +β(cr − cs) (7)

where β is a weight in [0,1]. Based on the definition of intra-
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contrast, the degree of enhancement on the spread range will

be λ =
ct
s

cr

mt
s

ms
. Then we have the target maxima and minima

values as

Itmax = λ(Irmax −mr)+mt
s (8)

Itmin = λ(Irmin −mr)+mt
s (9)

where Irmin and Irmax are the minima and maxima values of
Ir. The target maxima and minima values are limited in the
range [0.01, 0.99]. After one iteration of the process, the
mean value has a shift from the target mean value as the
bars show in Figure 8(b). By using three iterations, the mean,
maxima and minima usually converged to the target values.

Finally, to smooth the boundary between regions and
keep the change spatially coherent, edge-preserving smooth-
ing [FFLS08] is performed on the difference image between
the input F (L or C channel in LCH space) and contrast map-
ping result F̃ , d = F̃−F . For the output difference image D,
the energy function is defined as follows.

E = ∑
p∈D

{[D(p)− d(p)]2+ws(p)h(∇D,∇F)} (10)

h(∇D,∇F) =
|Dx(p)|2

|gx(p)|θ + ε
+

|Dy(p)|2
|gy(p)|θ + ε

(11)

The smoothing is to make the gradients of the output D as
small as possible, unless the input F has significant gradient.
(Dx, Dy) is the gradient of D, (gx, gy) is the gradient of F .
θ controls the sensitivity to the gradient of F . ε is a small
regularizing constant. The weight ws is

ws(p) =

{
τ1 i f p ∈ boundary area
τ2 otherwise

(12)

τ1 is larger than τ2 for smoothing the boundary area be-
tween regions. In our implementation, we use the parame-
ters θ=1.2, ε=0.0001, τ1=0.3 and τ2=0.05. The minimization
of the energy cost function E can be achieved using stan-
dard or weighted least-squares techniques like the conjugate-
gradient method. The result after smoothing is

F∗ = F +D (13)

7. Experiments and Discussion

In this section, we will analyze the performance of the pro-
posed portrait photograph enhancement approach. The algo-
rithm was implemented in MATLAB on a PC with an Intel
2.93GHz processor and 3GB RAM. Among the 300 pho-
tographs, 62 of them are used for the distance metric train-
ing in the reference selection, the others are used as test pho-
tographs.

Figure 10: Experiments on two indoor photographs with
simple BGs. The first column: original photographs. The
second and third columns: two of the selected reference
paintings for the two photographs and the corresponding re-
sults. The parameters are αl = 0.5, αs = 0.4, βl = βs = 0.5.

7.1. Influence of reference

The enhancement results of two photographs using 5 se-
lected top ranked reference paintings are shown in Figure
9. One photograph is full body portrait and the other is
half body portrait. The two photographs both have a com-
plex outdoor BG. The selected reference paitings for the two
photographs also have a complex BG. Results obtained us-
ing reference paintings selected by the reference selection
method are encouraging (the second to sixth columns of Fig-
ure 9). More details of the figure, especially around the face
area, are visible and the figure stands out in the enhancement
results. However, if a painting not selected by the reference
selection method is used as the reference (as the paintings
in the seventh column of Figure 9), the face and figure also
stand out in the enhancement result. However, the change is
too far away from its original natural property (e.g. the pink
T-shirt becomes black). This demonstrates the importance

submitted to COMPUTER GRAPHICS Forum (4/2014).



X. Zhang & M. Constable & K. L. Chan / Portrait Photograph Enhancement 9

Figure 9: Experiments on two outdoor photographs with complex BGs. The first column: original photographs. The second to
six columns: 5 of the selected reference paintings for the two photographs and the corresponding results. The seventh column:
paintings not recommended as reference and the corresponding results. The parameters for the first example αl = 0.5, αs = 0.4,
βl = βs = 0.5. The parameters for the second example αl = 0.6, αs = 0.6, βl = βs = 0.5.

of the reference selection for the portrait enhancement and
the effectiveness of the proposed reference selection method.
While the two example photographs in Figure 9 are of out-
door scenes with complex BGs, Figure 10 shows two indoor
photographs with simple BGs. The first one is with bright
BG and dark FG, and the other is with dark BG and bright
FG. The selected reference paintings have similar natural
properties with the input photograph. In other words, a pho-
tograph with a dark FG and bright BG is more likely to be
improved using a reference painting with similar dark FG
and bright BG.

7.2. Influence of parameters

In the contrast mapping, we use the same α, β for the three
regions FO, FS, and BG. Parameters for mapping lightness

are expressed as αl , βl , and for saturation are αs, βs. When
αl = αs, βl = βs, they are indicated as α,β. α,β control the
degree of match to the contrasts of the reference. Figure 11
shows the effect on the appearance of the enhancement re-
sults for changing αl , βl from 0 to 1. When αl increases
from 0 to 1, the inter-contrast of lightness is moved towards
to that of the reference (see the comparison of inter-contrast
in Figure 11(c)). The figure stands out more brightly as αl in-
creases in Figure 11. When βl changes from 0 to 1, the intra-
contrast values of lightness of the three regions are moved to
those of the reference (see the comparison of intra-contrast
in Figure 11(d)). More local details in the BG become visible
when βl increases and the contrasts on the face and figure are
also enhanced. The influences of αs, βs are similar to those
of αl , βl .
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Figure 11: Influence of α,β. (e)-(i): αs = 0.4, βl = βs = 0.5. (j)-(n): αl = 0.5, αs = 0.4, βs = 0.5.

In the reference selection, the enhanced photographs used
for distance metric learning are obtained by using the de-
fault parameters αl = 0.5, αs = 0.4, βl = βs = 0.5. There-
fore, given the selected reference paintings using the pro-
posed reference selection method, acceptable results can be
obtained using these default parameters. The user can also
adjust the parameters around the default values to change
the appearance according to the personal preference. Gener-
ally αl is in the range [0.3, 0.7], and αs is in [0.2, 0.6]. βl
and βs are suggested to be set in a similar way, and generally
they are in the range [0.3, 1].

7.3. Comparison with related methods

To assess the performace of our proposed portrait photo-
graph enhancement method, it is compared to the content-
aware enhancement (CAE) method in [KLW12] which has
been reported to perform better than the global learning-
based enhancement method in [BPCD11] and recent popu-
lar software tools (“I’m Feeling Lucky" of Google’s Picasa,
“Auto Correct" of Microsoft’s Office Picture Manager, and
“Auto Smart Fix" of Photoshop). In addition, our results are
also compared with results enhanced by using the average
mean and contrast values (AVE method). The average mean
and contrast values are obtained from the study on contrast
organization in paintings in Section 3. Figure 12 shows the
enhancement results by using the three methods on 5 dif-
ferent scenes. We can clearly see that faces and figures in
our results become more salient as compared to those in the
results obtained by the CAE method [KLW12]. Moreover,
the light falling on the face in our results is more naturally
presented. However, in the results on the second and third

rows obtained by the CAE method, the light falling on the
face becomes unnatural because the lightness has been pro-
cessed differently on the left side of the face, as compared
to the right. The enhancement results using the AVE method
in the first to third rows are comparable with the proposed
exemplar-based method. However for the photographs in the
forth and fifth rows, the proposed exemplar-based method
performs better than using the average values. The exemplar-
based method can handle the diversity of scenes better.

7.4. User studies

In order to significantly evaluate the effectiveness and advan-
tage of the proposed approach, two user studies were con-
ducted. The first user study was to evaluate the effectiveness
of our proposed reference selection method and the effect of
the proposed portrait photograph enhancement method. The
second user study was to compare the effect of the proposed
portrait photograph enhenacement method with other meth-
ods.

For the first user study, we randomly selected 40 of the test
photographs from a variety of scenes. This user study had
two objectives. The first was to show that results obtained
using the proposed approach become more pleasing and the
figure and face become more salient. The other was to show
that results obtained using the top ranked reference paint-
ings were more desirable than those produced using other
paintings. For the first objective, 5 reference paintings were
randomly selected from the top ranked 15 paintings for each
of the 40 selected test photographs. Results obtained using
the 5 reference paintings were all compared with the orig-
inal photograph. Each result and its corresponding original
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(a) Reference (b) Input (c) CAE in [KLW12] (d) AVE (e) Our

Figure 12: Comparison with other methods. The photograph in the fifth row is from [KLW12].

photograph were shown as a pair side by side. The left/right
ordering of the images in each pair was randomly generated.
For each image pair, participants were asked to answer two
questions. The first question Q1 was “In which image, are
the figure and face more salient?" and the second Q2 was
“Which is more pleasing?". The participants could choose
“left" or “right" as a response to each question according to
their first impression. No further information on the goal of
the experiment or the origin of the images was provided to
the participants.

For the second objective, results using reference paintings
selected from the middle and bottom ranges of the ranking
were compared with those obtained using the top ranked ref-
erence paintings. 5 paintings from the ranks in the range of
51-65 for full body portrait and 5 paintings from the ranks
in the range of 65-81 for half body portrait were randomly
selected as the middle ranked reference paintings. 5 paint-
ings from the ranks in the range of 106-120 for full body

portrait and 5 paintings in the ranks in 166-180 for half body
portrait were randomly selected as the bottom ranked refer-
ence paintings. The three groups of results obtained using
the top, middle and bottom ranked reference paintings were
arranged in three rows. The order of the group arrangement
was randomly generated. Participants were asked to select
the group that they prefer the most. The participant could
select “Group 1", “Group 2" or “Group 3".

The 40 photographs were divided into 7 sets. The first set
had 4 photographs while the other sets had 6. The compari-
son in each set contains the comparison of the result obtained
using the top ranked reference painting with the original side
by side and the comparison of the three groups of results ob-
tained using the top, middle and bottom ranked reference
paintings. In the first set, there were 24 comparisons and in
the other 6 sets, there were 36 comparisons. We used Google
Form to create the webpage for the user study. The partici-
pants connected to the webpage using their own computers
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and monitors. Each participant could select to complete one,
two or three sets of comparisons. There were 38 participants.
21 were males and 17 were females. The age ranged from 20
to 45. In total, 2070 samples for the comparison of enhance-
ment result vs original were collected. The average selection
rate of each enhancement result vs original is shown in Fig-
ure 13(a). The bar graph shows that a significant majority
of the responses (more than 90%) from the participants are
in favor of our results in both the two attributes (pleasing
and salient). This demonstrates that, by using our proposed
approach, the visual appeal of the portrait photograph is ef-
fectively improved and the face and the figure become more
salient. In the comparison among the three groups of en-
hacement results obtained by using top, middle and bottom
ranked reference paintings, more than 80% of the responses
are in favor of the results obtained using the top ranked ref-
erence paintings (see Figure 13(b)). This significantly shows
the effectiveness of the proposed reference selection method
and the importance of reference selection.
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Figure 13: User study result for the evaluation of the pro-
posed approach. (a) Selection rate for the comparison be-
tween our results and originals. (b) The comparison of the
selection rates among the three groups of results obtained by
using top, middle and bottom ranked reference paintings.

The second user study was conducted to compare our re-
sults with those obtained by the CAE method in [KLW12]
and by the AVE method. The CAE method in [KLW12] pro-
vided about 55 results for images with faces. 36 of them
which could be considered as portraits were used for this
user study. The results obtained by our proposed method and

Table 1: User study result for the comparison of the pro-
posed approach with the CAE method in [KLW12] and with
the AVE method.

Our vs ACE
Questions Our ACE Same

Q1 62.0% 30.6% 7.4%
Q2 66.8% 29.6% 3.6%

Our vs Ave
Questions Our Ave Same

Q1 68.4% 19.6% 12.0%
Q2 70.0% 22.1% 7.9%

one of other methods were shown as a pair side by side. The
left/right ordering of the images in each pair was randomly
generated. For each image pair, the participants were asked
to answer the same two questions as in the first user study.
Differently, the participants could choose “Left", “Right", or
“They look the same." as a response to each question accord-
ing to their first impression. The 36 images were divided into
2 sets. Each participant could select to complete one or two
sets. There were a total of 29 participants aged from 20 to
35. 18 of them were male and 11 of them were female. For
each comparison, there were on average 18 responses. The
result of the user study is shown in Table 1. It shows that
our results are preferred by a significantly higher percent-
age of responses than those by other methods. This is not
surprising, since the method in [KLW12] cannot handle the
relationships between regions and the AVE method does not
consider the diversity of scenes.

7.5. Limitations

While the experiments have demonstrated the effectiveness
of the proposed approach, we observe a few limitations.
The quality of the produced results relies on the success of
FG/BG segmentation and face/skin area detection. Although
interactive segmentation can reduce the segmentation errors
and the skin area detection in the segmented FG also is much
more robust than the detection in the whole image, the skin
area detection based on color may still be disturbed by the
color of clothes in some situations.

Another limitation is that artifacts near the transition
boundary between the brightened FG region and the dark
BG region may be visible. This is because the brightness of
the FG region is extended to the neighboring BG region by
the boundary smoothing if there is no clear boundary be-
tween FG and BG in the original photograph. The technique
in [FFLS08] was designed to smooth an image while pre-
serving edges with large gradients. In the photograph in Fig-
ure 14(a), there is no clear edge between the right lower arm
and the ground (see the area in the red box in Figure 14(a)).
After interactively segmenting the FG/BG and adjusting the
contrast between regions, the right arm is brightened and
a sharp boundary is produced between the right lower arm
and ground. However, after edge preserving smoothing, the
sharp boundary is smoothed. Therefore the brightness on the

submitted to COMPUTER GRAPHICS Forum (4/2014).



X. Zhang & M. Constable & K. L. Chan / Portrait Photograph Enhancement 13

lower arm is extended to the neighbouring BG region. The
smoothing on the boundary region is stronger than that of the
non-boundary region. Hence, artefacts may be visible. Some
noise may also become visible in dark face and skin areas
after getting brightened.

(a) (b) (c) (d)

Figure 14: One example demonstrating the limitation of the
proposed approach. (a) Original photograph, (b) Result by
proposed approach, (c) Close-up of the red box region of (a),
(d) Close-up of the red box region of (b).

8. Conclusion

This paper proposes a portrait photograph enhancement ap-
proach by manipulating the regional contrasts. This en-
hancement is guided by a selected portrait painting as an
exemplar. The experimental results and user study signifi-
cantly show that the figure and face become more salient
and the photograph becomes more pleasing by applying the
proposed approach. In future studies, we will study the light-
ness shading on the face features (eye, mouth, nose) and the
shape of these features in portrait paintings for possible ap-
plication on portrait photograph enhancement.
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