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Abstract. In this paper we investigate if color influences the percep-
tion of image complexity. To this end we perform two different types
of psycho-physical experiments on color and grayscale images. In the
first experiment, images are ranked based on their complexity (image
ranking), while in the second experiment the complexity of each image
is assessed on a continuous scale (image scaling). Moreover, we investi-
gate if ten image features, that measure colors as well as other spatial
properties of the images, correlate with the collected subjective data.
The performance of these correlations are evaluated in terms of Pear-
son correlation coefficients and Spearman rank-order correlation coeffi-
cients. We observe that for each type of experiment, subjective scores
for color images are highly correlated with those of the corresponding
grayscale versions suggesting that color is not a relevant attribute in
evaluating image complexity. Moreover none of the tested simple image
features seem to be adapt to predict the image complexity according to
the human judgments.

Keywords: Image complexity · Psycho-physical experiment · Color
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1 Introduction

There exist in the literature many different definitions of image complexity. For
example, it can be analyzed by using mathematical treatments based on Kol-
mogorov complexity theory [1]. Snodgrass et al. [2] refer to the visual complexity
as the amount of detail or intricacy in an image. Birkhoff [3] relates the image
complexity to visual aesthetics. Researchers from various fields have conducted
psycho-physical experiments to study the subjective perception of visual com-
plexity and some studies exist where experimental estimation of image complex-
ity is correlated to objective measures. The state of the art studies differ in the
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kind of stimuli used during the experimental sessions and on the type of objective
measures used to correlate the subjective scores. Chikhman et al. [4] use Chinese
hieroglyphs and outline images of well known common objects as stimuli sets.
On the other side, experiments exist that address the image complexity of real
world scenes, like the study by Oliva et al. [5]. Recently, Purchase et al. [6] use
sixty images, including landscapes, domestic objects and city scenes, as stimuli.
Further efforts attempt to describe the image complexity using different mathe-
matical models like fuzzy approaches [7,8], information-theoretic approaches [9]
and independent component analysis [10]. Rosenholtz et al. [11] associate the
concept of complexity to that of visual clutter. They have tested three measures
of visual clutter: Feature Congestion (FC), Subband Entropy (SE) and the edge
density measure used to predict subjective judgments of image complexity by
Mack and Oliva [12].

Image complexity can be useful in many different domains. It finds applica-
tion to context-based image retrieval [10], icons and symbol search, particularly
relevant in human computer interaction [13,14], and computer graphics, where
a better understanding of visual complexity can aid in the development of more
advanced rendering algorithms [15]. Other fields of application are image recog-
nition [16], watermarking [17], compression [18], and image quality [19,20]. The
image complexity concept is also used by neuroscientists, interested in the mech-
anisms of object recognition, learning and memory [21].

Aim of this paper is to investigate the role of color when evaluating image
complexity. To this end, two types of experimental setups have been performed
on a set of 29 color images and on the set of the corresponding grayscale images.
These are real-world images, belonging to the image quality database LIVE [22].
Setup 1 is a ranking experiment, where observers rank the 29 images in increas-
ing order of complexity. Setup 2 is a scaling experiment, where observers judge
the image complexity on a continuous scale [0-100]. We point out that no defi-
nition of image complexity is provided to the observers during the experimental
sessions. We investigate the effect of color on the perception of image complex-
ity comparing the subjective results obtained with color and grayscale sets of
images for both experimental setups. Moreover, we also consider ten image fea-
tures as complexity measure candidates, and we evaluate their correlation with
subjective data. The performance of these correlations are evaluated in terms of
the linear Pearson Correlation Coefficient (PCC) and the Spearman Rank Order
Correlation Coefficient (SROCC).

2 Color versus Grayscale: Subjective Data

The 29 images belonging to the LIVE database [22] have been used as stimuli for
estimating subjective perception of image complexity. They have been chosen to
sample different contents both in terms of low level features (frequencies, colors)
and higher ones (face, buildings, close-up, outdoor, landscape). Their thumbnail
color versions are shown in Figure1, and the corresponding greyscale versions
are shown in Figure 2.
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Fig. 1. Thumbnails of the color images used as stimuli in the psycho-physical
experiments

Fig. 2. Thumbnails of the grayscale images used as stimuli in the psycho-physical
experiments

2.1 Experimental Setup 1: Image Ranking

A group of 76 observers with normal or corrected-to-normal visual acuity and nor-
mal color vision took part in this psycho-physical experiment. Ishihara color test
plates printed on paper have been preliminarily presented to the observers for
detecting color vision deficiency. The images in the LIVE database were profes-
sionally printed on a high quality paper to create the cards for the psycho-physical
experiment. The cards with the color images were given to 37 observers. Cards with
the same greyscale images from the LIVE database were given to the remaining 39
observers. Observers could look at all the stimuli simultaneously for an unlimited
time. The task of the observer was to arrange the images in order of increasing com-
plexity. No definitions of complexity were imposed to the observers. The final rank
of each image was obtained ranking the average of the positions assigned by the
observers (from 1 the simplest image to 29 the most complex one).
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2.2 Experimental Setup 2: Image Scaling

A group of 31 observers with normal or corrected-to-normal visual acuity and
normal color vision took part in the psycho-physical experiment. A single stimu-
lus method was adopted, where all the images are individually shown. No specific
task was provided, just assessing the image complexity of each image using a
scale in the range [0-100]. 14 observers evaluated the 29 color images, while
the remaining 17 observers judged the grayscale counterparts. The images were
shown on a web-based interface in a random order, different for each subject. The
subjects reported their complexity judgments by dragging a slider onto a contin-
uous scale. The position of the slider is automatically reset after each evaluation.
A grayscale chart was shown to calibrate the brightness and the contrast of the
monitor. Ishihara color test have been preliminarily presented to the observers
for estimating color vision deficiency.

Seven training images were presented to the observers prior to the 29 test
ones. These images have been used to train the subjects about the range of
complexity to be evaluated. The corresponding data has been discarded and not
considered as experimental result.

We have applied Z-score and outliers detection to obtain the final Mean
Opinion Scores (MOS) of each image. The raw complexity score rij for the i-th
subject (i = 1, ...14 in case of color images or i = 1, ...17 in case of grayscale
images) and j-th image (j = 1, ...29) was converted into Z scores:

zij =
rij − r̄i

σi
(1)

where r̄i is the average of the complexity scores over all images ranked by
the subject, and σi is the standard deviation. The Z scores were then averaged
across subjects after the removal of the outlier scores. A score for an image was
considered to be an outlier, and thus removed from the average computation, if
it was outside an interval of width two standard deviations about the average
score for that image.

3 Color versus Grayscale: Assessing Image Complexity

The following features have been considered as candidate complexity measures:

– F1 Contrast, extracted applying the MATLAB function graycoprops to the
gray-level co-occurence matrix.

– F2 Homogeneity, Extracted applying the MATLAB function graycoprops to
the gray-level co-occurence matrix.

– F3 Edge density [12]: the MATLAB’s Canny edge detector is applied to the
image to measure the density of edge pixels.

– F4 Feature Congestion [11]: its implementation involves: (1) computation
of local measures (color, orientation, and luminance contrast) covariance at
multiple scales and computing the volume of the local covariance ellipsoid, (2)
combine clutter across scale and feature types, (3) pooling over space to get
a single measure.
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– F5 Subband Entropy [11]: it is based on the notion of clutter as related to
the efficiency with which the image can be encoded and inversely related to
the amount of redundancy and grouping in the image.

– F6 Compression Ratio of the image JPEG compressed with Q factor = 100.
– F7 Number of Regions, calculated using the mean shift algorithm [23].
– F8 Colorfulness [24]: linear combination of the mean and standard deviation

of the pixel cloud in the color plane of CIELab.
– F9 Number of colors [26]: number of distinct color in the image.
– F10 Color harmony [25][26]: it is based on the perceived harmony of color

combinations.

The first three features, labeled F1, F2, F3 work on grayscale images, fea-
tures from F4 to F7 are mainly developed for color images but they are also
meaningful for grayscale images while F8, F9, and F10 are meaningful only for
color images.

These features are correlated with the subjective data obtained in the psycho-
physical experiments. In the case of the ranking experiment we are interested in
assessing if the features are able to replicate the subjective ranks. In the case of
the scaling experiment the aim is to assess the ability of the features to predict
the MOS. For the latter case a proper logistic regression is used as follows.

Denoting by yj the MOS of the j − th image and by xj the corresponding
objective feature value, the logistic transformation reads:

f(xj) =
α

1 + eβ(xj−γ)
+ δ (2)

where the parameters α, β, γ and δ are chosen to minimize the mean square
error between the MOS {yj} and the predicted values {f(xj)}.

4 Experimental Results

We initially investigate if color influences the perception of image complexity
by analyzing the subjective data collected within each experimental setup. To
this end we consider the raw data for both the experimental setups. In case
of ranking experiment, we consider as raw data the average of the positions
assigned by the observers. In case of scaling experiment, the raw data are the
mean of the scores. The raw data collected for the grayscale images are corre-
lated with those collected for the corresponding color images within each type
of experiment. In Figure 3 on the left, the raw data of the ranking experiment
are considered: the raw data of the 29 grayscale images are plotted with respect
to the corresponding data of color images. In Figure 3 on the right, the raw data
of the scaling experiment of the 29 grayscale images are plotted with respect to
the raw data of the corresponding color versions. To measure the linear correla-
tion between grayscale and color data for each experimental setup we evaluate
the PCC, while to quantify their rank-order correlation we use the SROCC. In
Table 1 these coefficients are reported for the two experimental setups.
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Fig. 3. Correlation between grayscale and color image data. Left: results from ranking
experiment. Right: results from scaling experiment.

Table 1. Correlation coefficients between grayscale and color data for each experimen-
tal setup

Setup PCC SROCC

Ranking 0.877 0.903

Scaling 0.914 0.926

Subjective evaluations of color and grayscale images are highly correlated
within each experimental setups. In particular in the case of scaling experiment
these results suggest that the perception of image complexity is not significantly
influenced by color. To have further insight into this issue, we evaluate the cor-
relation between subjective and objective data. As objective data we adopted
the ten features listed in Section 3. The last three features can not be evaluated
for grayscale images as they are designed to measure color properties only.

In the case of the ranking experiment we consider the performance of the
features in predicting the subjective rank. The results are presented using the
SROCC and reported in Table 2 first row for the color images, second row for
the grayscale images.

In the case of the scaling experiment we consider the performance of the
features in predicting the MOS, using a proper logistic regression. The results
are presented in terms of PCC and SROCC and reported in Tables 3 and 4.

In general we can notice that in the case of ranking experiment all the fea-
tures evaluated on grayscale images better predict the subjective ranks than the
corresponding ones on color images. Instead, in the case of scaling experiment all

Table 2. SROCC of the ten features in the ranking experiment

SROCC F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

Color 0.649 0.600 0.587 0.600 0.497 0.568 0.544 0.076 0.380 0.308
Grayscale 0.763 0.726 0.755 0.759 0.655 0.727 0.675 - - -
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Table 3. PCC of the 10 features in the scaling experiment

PCC F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

Color 0.751 0.656 0.740 0.622 0.604 0.683 0.583 0.211 0.321 0.128
Grayscale 0.696 0.736 0.740 0.628 0.762 0.777 0.427 - - -

Table 4. SROCC of the 10 features in the scaling experiment

SROCC F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

Color 0.759 0.721 0.734 0.692 0.624 0.738 0.582 0.030 0.247 0.188
Grayscale 0.721 0.738 0.746 0.669 0.709 0.740 0.500 - - -

Fig. 4. Images in the first four rank positions (low complexity) in the ranking experi-
ment for color and grayscale images

Fig. 5. Images in the last four rank positions (high complexity) in the ranking experi-
ment for color and grayscale images

the features perform similarly for both color and grayscale data. This behavior
is related to the higher correlation between color and grayscale data in the scal-
ing experiment than in the ranking one (see Figure 3). The three color features
F8, F9, and F10 are not appropriate to correlate subjective color data. This
analysis suggests that the perception of image complexity is slightly influenced
by color especially in the second experimental setup. The four lowest and four
highest complexity images for both color and grayscale datasets and for both
experimental setups are shown in Figures 4-7.
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Fig. 6. Images with the four lowest MOS (low complexity) in the scaling experiment
for color and grayscale images

Fig. 7. Images with the four highest MOS (high complexity) in the scaling experiment
for color and grayscale images

5 Conclusions

In this work we have shown that there is a significant correlation between psycho-
physical data on color and grayscale images when observers are asked to evaluate
image complexity. This suggests that color does not influence significantly the
perception of image complexity. Moreover, features that are developed only to
measure color properties seem not to be suitable to correlate with the psycho-
physical data. We recall that we have here considered real world images, where
the lightness component provides enough information about the image content.
Other kind of experiments, for example using images of color patches could
yield different conclusions, as the grayscale images could be less meaningful. As
a future work we plan to extend the psycho-physical experiments both in number
of observers and in number of images. However psycho-physical experiments with
a huge amount of images are a difficult task. In fact images should be divided
into different groups to be judged by different groups of observers and the final
data should be properly aligned. Furthermore we plan to investigate if a proper
combination of metrics that takes into account simultaneously spatial, frequency
and color image characteristics can better predict subjective evaluations.
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