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Abstract

Color harmony of simple color patterns has been widely
studied for color design. Rules defined then by psychologi-
cal experiments have been applied to derive image aesthetic
scores, or to re-colorize pictures. But what is harmonious
or not in an image? What can the human eye perceive
disharmonious? Extensive research has been done in the
context of quality assessment to define what is visible or
not in images and videos. Techniques based on human vi-
sual system models use signal masking to define visibility
thresholds. Based on results in both fields, we present a
harmony quality assessment method to assess what is har-
monious or not in an image. Color rules are used to detect
what part of images are disharmonious, and visual mask-
ing is applied to estimate to what extent an image area can
be perceived disharmonious. The output perceptual har-
mony quality map and scores can be used in a photo editing
framework to guide the user getting the best artistic effects.
Results show that the harmony maps reflect what a user per-
ceives and that the score is correlated to the artistic intent.

1. Introduction
When manipulating, editing, improving images, the best

quality as well as a certain artistic intent are usually the fi-
nality. Nevertheless, although the issues related to objective
quality assessment have been largely studied in the context
of low level artifacts (blur, blockiness, jitter...), the artistic
intent is a problem more subjective, leading to strong dif-
ficulties in modeling or generalization. As an intermediary
indicator, aesthetic quality metrics based on high-level fea-
tures intuitively related to beauty (colorfulness, line orien-
tation, shape...) and rules of thumb (composition, rules-of-
third, skyline...) are showing up recently in the community
[11, 4, 23]. Depending on the application context, some
approaches take advantage of a reference source or do the
best effort without any reference when providing an abso-
lute quality measurement. Color harmony theory is used
in [15, 7] as a global image cue for the assessment of aes-

Figure 1. Is it possible to quantify the color harmony of a pixel in
a picture? Left column is the original picture, right column is the
harmony-guided quality map. The whitter the more disharmonious
the pixels relatively to the global picture. On the bottom picture,
balls of color can be sorted by disharmony level.

thetic quality.
In this paper, we propose a new approach for assessing

what the quality of a picture is. As an interesting tool for
content creator and targeting a maximization of the artis-
tic effect, the proposed metric provides a no-reference per-
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ceptual harmony-guided quality map as well as a score of
disharmony. To our knowledge, the use of color harmony
concept in the context of perceptual quality assessment has
been limited to the estimation of global image cues.

1.1. Quality Assessment

Perceptual quality metrics [22, 8, 13] take into account
the human visual system properties to exploit local and
global masking effects in evaluating image or video quality
with full reference. They provide perceptual quality maps
that mimic the human perception of degradations by high-
lighting visible degradations. In the same vein, the struc-
tural similarity index [19] is largely used due to its fair cor-
relation with subjective judgment and its simplicity of im-
plementation.

Previous work of Wang [19] has been extended to color
by introducing hue similarity into the SSIM index [17].
Thakur and Devi [18] proposed a color quality index that
performs in the spatial domain and takes advantage of the
Human Visual System (HVS) properties to assess color
quality with reference. Without any reference, Ouni et
al. [16] have proposed different color statistics analysis (dis-
tribution of hue histogram, proportion and dispersion of the
dominant color...) to derive a quality score, but they do not
propose any local information such as a color quality map.
The field of no-reference color quality assessment has been
largely unexplored although the color is a well-known fac-
tor in the Human Visual System.

Nishiyama et al. [15] focus on color harmony theory to
compute an aesthetic estimation of the input image. As it
is usually done in aesthetic quality classification, features
are extracted and learned from a classification ground truth.
Although features are based on color harmony, there is no
use of perceptual precept to derive perceptual quality maps.

1.2. Harmony

Harmony is a subjective concept whose difficulties lie on
its definition and its measurement. Fedorovskaya et al. [5]
investigated through a series of experiments the identifi-
cation of image features involving harmony (dis)comfort.
They found out that edge contrast, average lightness, range
of lightness, may influence global harmony appreciation.
Despite this previous reference, most of harmony investiga-
tions in image processing field relates to color combinations
and complementaries.

Moon and Spencer [10] have performed psychological
experiments to evaluate the relationship between color pat-
terns and affective elicitation of stimulus on different sub-
jects. They have developed a two-color harmony model.
Similarly, Matsuda [9] extended Itten contrast measure-
ment [6] where harmonious doublets and triplets of color
are defined. Through his experiments, he defined HSV
(Hue, Saturation, Value)-based templates that predict sets

V type L typei type J type

T type Y type X type I type

Figure 2. Harmonious hue templates defined by Matsuda exper-
iments [9]. Grey sectors are sets of hues that are harmonious re-
spectively to the complete hue wheel. The sectors width and layout
are predefined and the template may be turned in the hue domain.

of harmonious hues (Figure 2). These templates have been
used in re-colorization applications (referred to as color
harmonization) by Cohen-Or et al. [2] and recently by Bav-
eye et al. [1], where color mapping functions shift pixel
hues into harmonious templates after choosing the most ap-
propriate one, i.e. the closest to the original hue distribution.

The main contribution of this paper is to use human vi-
sual system models defined for perceptual quality in the
context of color harmony assessment.

2. Perceptual harmony quality assessment
The proposed method links two distinct topics: percep-

tual quality metric and harmonious hue templates. Figure
3 depicts different steps that are detailed in the next sec-
tions. The computation of harmony distance provides a
disharmony map based on the hue distance from the current
pixels to harmonious templates. Afterwards, the percep-
tual quality map is obtained by applying masking functions
that provide information regarding local and global visibil-
ity. Those mentioned processing are done at different levels
of resolution to mimic human visual system. A pooling step
is then required to merge all resolution level maps leading to
a perceptual harmony quality map (Figure 1). A final score
is then computed from the map.

2.1. Notations

The eight harmonious templates Tm,m ∈
{i, I, L, T, V,X, Y, J} are defined in [2], previously
introduced in [9] and depicted in Figure 2. They have
different sector layout and size to handle color complemen-
tary, color orthogonality and set of close hues. They can be
turned around the hue wheel. Template m is defined as:

Tm : {(αm,k, wm,k); k = 1, ...Km} (1)

where Km ∈ {1, 2} is the number of sectors, αm,k is the
angle of the k-th sector’s center on the hue wheel and wm,k
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Figure 3. Overview of the complete system.

its width in degrees. For notation simplicity, αm denotes
the angle of the first sector, which is also referred to as the
template angle. For a given picture, an appropriate rota-
tion angle α̂m is computed to align at best Tm with the hue
distribution of the image. It is the template angle that mini-
mizes the Kullback-Liebler divergence between the normal-
ized hue distribution M(h) of the picture, typically in the
form of an histogram with L = 360 bins, and the normal-
ized hue distribution of the template, such as described by
Baveye et al. [1].

α̂m = argmin
α

∑
h

M(h) ln

(
M(h)

Pm(h− α)

)
, (2)

where Pm(h) is the hue distribution of the template Tm with
angle 0:

Pm(h) =
1

J

Km∑
k=1

Pm,k(h), J =
∑
h

Km∑
k=1

Pm,k(h) (3)

Pm,k(h) = 1{|h−αm,k|<wm,k
2 }e

−1

1−
(

2|h−αm,k|
wm,k

)10

. (4)

The value Em =
∑
h

M(h) ln
(

M(h)
Pm(h−α̂m)

)
represents the

residual energy of template m for image at hand.

2.2. Harmony distance

The definition of harmonious templates reveals to be
convenient information that may be arranged to provide a
spatial harmony map. For a given template Tm, a hue h is
considered harmonious if it is enclosed by a sector (meaning
its harmonious distance is 0), while a hue outside the sector
is not harmonious regarding a certain proportion defined by
the hue distance dm(h). It is evaluated by computing the
arc-length distance on the hue wheel (measured in degrees)
to the closest sector:

dm(h) = min
k=1...Km

[
|h− α̂m,k| −

wm,k
2

]+
, (5)

where |.| is the arc-length distance and [.]+ = max(0, .).
Then, assuming that each template (associated with its opti-
mal angle) provides harmony information about the picture,
the dm maps are computed for all templates and combined
at the pixel level. At each pixel u = (x, y) with associated
hue h(u), the harmony distance map G(u) accumulates the
harmony distances dm(h(u)) as follows. The contribution
of each template is weighted according to its respective en-
ergy, to give more importance to well suited templates (hav-
ing low energy);

G(u) =

∑
m

1− Em∑
m′
Em′

 dm (h(u))

 · s(u) · v(u)
(6)

where s and v are saturation and value of the image.
Weighting the harmony distance by saturation and value
gives a more perceptual result because the more saturated
the color or the highest its value, the strongest it is per-
ceived. Some qualitative results are depicted in the second
column of figure 4.

2.3. Perceptual masking

Including a perceptual masking that simulates the per-
ception of the human visual system, we transform harmony
distances into perceptual harmony maps. Spatial masking
refers to the alteration of the perception of a signal by sur-
rounding background, i.e, visibility increase (pedestal ef-
fect) or decrease (masking effect) due to the surrounding
signal. As recommended by Watson et al. [21], both con-
trast masking and entropy masking are incorporated in the
proposed quality metric. Contrast masking models the visi-
bility change of the signal due to contrast values created by
edges or color gradation. Entropy masking reflects the un-
certainty of the masking signal, due to texture complexity.
Entropy masking is also known as activity masking or local
texture masking [14]; in the following, activity masking is
used. The masking values are computed on the luminance
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channel of the YUV color space. The multi-channel behav-
ior of the HVS is commonly simulated by multi-resolution
analysis [13, 20]. Discrete Wavelet Transform (DWT) has
proven to be efficient both in term of prediction and compu-
tation performances [13]. A CDF 9/7 (Cohen-Daubechies-
Feauveau) kernel is used in our implementation with L de-
composition levels. Each decomposition level comprises
3 orientation sub-bands (horizontal, vertical, and oblique
frequencies). The spatial frequency range of a decompo-
sition level l ∈ [1;L] is

[
2−l · fmax; 2−l+1 · fmax

]
where

fmax is the maximum spatial frequency of the image. The
number of decomposition levels is set so that the lowest
resolution level L contains the frequency 1 cycle/degree:
2−L · fmax < 1c/d < 2−L+1 · fmax. Contrast masking
Cl,o(u) at level l and orientation o is defined as the wavelet
transformed value at site u, weighted by the CSF (Contrast
Sensitivity Function) that describes the variations in visual
sensitivity to the spatial frequency. The CSF value Nl,o is
the mean value of the 2D CSF [3] over the spatial frequen-
cies covered by the sub-band wl,o at level l and orientation
o.

Cl,o(u) = wl,o(u) ·Nl,o, o ∈ {1, 2, 3}. (7)

The activity A(u) is usually evaluated by the computa-
tion of entropy on a n-by-n neighborhood. Unfortunately,
this tends to give high values on areas with a color step even
between uniform areas, leading to overestimate the masking
effects. Instead, the spatial gradient of the image luminance
Y for different directions (horizontal, vertical, diagonal) are
computed for each pixel at the full resolution and the mini-
mum value is retained in the activity map:

A(x, y) = min

(
∂Y

∂x
,
∂Y

∂y
,
1

2
·
(
∂Y

∂x
+
∂I

∂y

))
(8)

This map A is computed at different resolutions, yielding
maps Al’s, to match the HVS simulation and the resolution
of contrast masking maps.

In quality assessment models, contrast values are used to
find a visibility threshold for the contrast difference between
two images [14]. Here the studied signal being the color val-
ues, and not contrast and structure such as in quality assess-
ment, the masking functions thus apply to the harmony map
only. To apply masking functions, a multi-resolution anal-
ysis of the harmonious distance map is adopted to match
the multi-channel behavior of the HVS. A multi-resolution
image pyramid is first computed in the RGB space and con-
verted into an HSV pyramid. Harmonious distance maps
Gl, l = 1...L are then computed as explained above, along
the pyramid.

Then, perceptual masking is applied to harmonious dis-
tance maps at each resolution level. This step consists in
applying contrast masking Cl,o and activity masking Al on
the harmony distance map at each resolution l. Daly [3]

and Nadenau [12] have proposed different complex intra-
channel models for integrating the different kinds of mask-
ing effects. However this involves the tuning of parameters
to adjust masking strength. Instead a simple masking func-
tion is used:

H∗l (u) =
Gl(u)

1 + 1
2

(∑
o
Cl,o(u) +Al(u)

) . (9)

The contribution of disharmonious pixels is reduced when
the masking effect is high.

2.4. Pooling and rating

This step consists in accumulating the perceptual har-
mony maps H∗l for the different resolutions l ∈ [1...L] to
build the final perceptual harmony map H. Finally, a score
or rating is derived from this aggregated map. The percep-
tual harmony map is obtained with successive upscaling and
combination of the map at each resolution level:

Ll−1(u) = Ll(2−1u) +H∗l (2−1u), LL(u) = 0. (10)

The perceptual harmony map is the accumulation over all
the resolution levels:

H(u) = L0(u). (11)

Note that H is visually close to the harmony distance map,
but integrates masking effects by decreasing impact of col-
ors in textured areas (Figure 4). The final image rating is
defined as:

R =

(
1

W ·H
∑
u

H(u)β
) 1
β

, (12)

whereW andH are respectively the width and height of the
original picture and β is a parameter empirically set to 2.

3. Validation of method
Due to its novelty, the no-reference harmony-guided

quality assessment suffers from a lack of ground truth. Ide-
ally, a dataset with perceptual harmony maps as well as the
associated score would be useful for the extensive valida-
tion of the proposed algorithm. It is planed in our future
work to design and propose such a database. In the mean-
time, we propose 1) a qualitative assessment of harmony-
guided maps and 2) an applicative context of assessment
for harmony score. Two questions are thus raised: are the
harmony-guided map visually consistent with user percep-
tion of disharmony? Is the harmony-guided quality score
correlated to harmony improvement performed by a color
harmonization algorithm?
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Figure 4. Visual appreciation of perceptual harmony-guided quality maps. The first column is the original picture, the second column is
the harmony distance map, the third column is the contrast masking map and the fourth one is the activity map. Final maps are perceptual
and harmony-guided in the sense they are close to harmony distance map but with applied masking effects.

3.1. The role of masking maps

As mentioned previously, the masking effect is a key
concept in perceptual quality assessment. In this section,
we demonstrate the interest of the two masking maps in-
troduced in the context of harmony guidance. First row in
figure 4 illustrates main advantages of masking modeling.
The harmony map at the first row highlights blue and green
areas as being disharmonious with orange/red major hues
of the picture. The corresponding masking maps are not
related to hues, but to visible spatial frequencies. Regions
with complex texture are detected in the two masking maps:
typically, black and clear areas with low contrast regarding
the background are not masking areas, while red and green
areas have complicated texture with high contrast. High
masking contrast areas have a reduced contribution on the
final perceptual harmony map.

In the second example, the gray/blue hues of the ground
are detected as being disharmonious in the harmony dis-
tance map. However, the two masking maps clearly distin-
guished from the two areas of ground. Indeed, the ground
of the right hand side of the picture is more textured leading
to high contrast and potentially no clear analysis of HVS in
this kind of area. The perception of the disharmonious hues
in this area is thus masked by the image content. Conse-
quently, the contribution of such area is minimized in the
final perceptual map.

Finally, on the third row, the complementary roles of the
two masking maps can be appreciated. The blue color is
perceived as a disharmonious hue in this picture. Neverthe-

less, all the blue pixels can not be treated the same way,
since masking effects alter the perception of some small
group of blue pixels (jacket of the woman). High activity
masking effects (4th column) appear in the cushion (above
the yellow one) leading to non-detection of non-harmonious
blue hues by the HVS. Although green colors (particularly
on the shelf) are also mentioned as having an average level
of disharmony in the harmony distance map, they are de-
tected in the contrast masking and then masked in the final
perceptual map.

The two masking maps are complementary and allow the
attenuation of disharmonious regions that are not perceived
by the HVS due to their complex neighboring environment.

3.2. Harmony score

Due to the lack of dataset corresponding to such qual-
ity assessment, the score related to harmony-guided qual-
ity assessment has been benchmarked for different images
and their harmonized version computed from [1]. As de-
picted in figure 5, the original and harmonized pictures are
shown as well as their corresponding perceptual harmony-
guided maps. As expected the harmonized areas have value
of disharmony that have been attenuated in the final percep-
tual map. Moreover, their disharmony score has decreased
as well.

One can notice that the color harmonization method
leads to different quantitative improvement in terms of har-
mony, depending on the image content. The color mapping
performs well for the Children and Sofa pictures (figure 5),
i.e. the disharmonious areas are re-colorized leading to high
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decrease for both the perceptual map and the score. Never-
theless, some pictures are more tricky to harmonize. Indeed,
their color distribution being more difficult to fit with a tem-
plate, the color mapping process based on the most appro-
priate template does not bring high improvement in terms of
harmony map or score (Socket picture of figure 5). In this
case, the template selection can be questioned for color har-
monization but also for the proposed metric. For such large
color distributions, new more appropriate templates could
be necessary, extrapolated for example from the selection
of several regular templates. Computing the harmony dis-
tance map from all available templates and weighting by
their energy could also be discussed: the weighting func-
tion may be based on more perceptual precept such as color
appearance model.

4. Conclusion and perspectives
In this paper, a perceptual and no-reference harmony-

guided quality metric has been introduced as a new way
to assess picture quality. It relies on perceptual masking
effects that are important properties of Human Visual Sys-
tem, and on harmony templates that have previously been
designed during psychological experiments. The integra-
tion of these two concepts leads to the computation of per-
ceptual harmony-guided map and an associated score. Both
types of information may be useful in the context of image
content creation, edition and retouching for guiding expert
and non-expert content creators.

Qualitative results show that the harmony-guided map
reflects the perception of color harmony by a human eye.
Perceptual maps closely mimic the HVS to take into ac-
count masking effects and to discard disharmonious regions
that are not perceived. The computation of score is consis-
tent with potential changes of colors that can be done to
improve picture harmony.

Our future development in this field relates to the design
and creation of a ground truth database reflecting color har-
mony assessment by users to provide large-scale validation
for this new field of computational metric.
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Figure 5. Harmony-guided quality assessment and Color Harmonization method [1]. For each example, original picture, harmonized
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