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Abstract. This study focuses on image perception issues based on humans’
visual assessment. Semantic understanding and task-oriented are also considered
in image assessment. The brightness and colorfulness attributes are selected to be
the image assessment tasks in the study. The Linear Regression (LR) analysis and
Non-Linear Regression (NLR) analysis methods are used to establish the image
assessment models, which also compares their prediction ability. The visual
assessment experiment was comprised of 90 participants. Four images were
selected from the ISO standard by the focus group. The results showed that
“brightness” and “colorfulness” remained stable in the predictive models of the
LR and NLR methods. The results also demonstrated very high prediction ability
in brightness and colorfulness in both the linear and non-linear models. The
brightness attribute directly relates to the image’s lightness, and the colorfulness
attribute directly relates to the image’s saturation. The simple semantic under‐
standing and the single task oriented that assessed the brightness and colorfulness
of the images are also very important in the image assessment experiment.
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1 Introduction

According to Newell’s information processing system (IPS), three levels, which include
physical implementation, algorithmic manipulation, and semantic understanding,
should be considered in information processing [1]. Maeder and Eckert [2] also found
three levels including mathematical, psychovisual, and task-oriented, which are part of
the cognition processing system (CPS) with oriented human cognition. However, the
first level (physical implementation in the IPS and mathematical in the CPS) is primarily
intended to consider the physical attributes such as the image fidelity of processed
images relative to the original images. The second level can be considered the base of
the human visual system, which includes algorithmic manipulation in IPS and psycho‐
visual in CPS. The most important level is the top level, which includes the cognition
processes (semantic understanding in IPS and task-oriented in CPS). The top level is
widely researched by implementing human factor research to perform empirical studies.
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Many studies have started to examine assessments of image information and visual
assessment through human visual systems based on the perspective of human factor
engineering and perception psychology.

Table 1, three levels, including image compression, human visual system, and image
assessment/visual quality, were used to assess image quality issues. According to Tsai’s
research framework, the perceptual image quality corresponds to the three levels of IPS
and CPS models based on a user-centered approach (see Fig. 1) [3].

Table 1. The three levels of image assessment.

Levels Research items Researcher
Image assessment and visual
quality

Brightness, colorfulness,
naturalness, preference,
information-theoretic, visual
assessment, visual perception,
perceptual image quality

Tsai et al. (2016) [3]; Tsai et al.
(2009) [4]; Sheikh and Bovik
(2006) [5]; Ginesu et al. (2006)
[6]; Fedorovskaya et al. (1996)
[7]; Kurita and Saito (2002)
[8]; Chalmers (1997) [9].

HVS (Human visual system) Region of interest (ROI),
contrast sensitivity function

Tsai et al. (2016) [3]; Maeder
(2004) [10]; Watson (2002)
[11]; Janssen and Blommaert
(2000) [12].

Image compression/Coding Signal process, compression,
coding, algorithms,
restoration, reproduction,
moving picture quality

Nguyen et al. (2006) [13];
Civanlar (2004) [14]; Oda
et al. (2002) [15].

Fig. 1. The framework of perceptual image quality assessment [3].

The top level shows that image assessment items consider the cognition issues. It is
also directly related to semantic understanding and the task-oriented concept. Tsai et al.
(2016) [3] said that the important items for image assessment at the cognition level
include brightness, colorfulness, naturalness, preference, and total image quality.
Although these attribute items correspond to cognition issues, sometimes it was difficult
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to assess the total image quality with visual assessment. The previous study figured out
the key points, which were not only that the results of “perceptual image quality” and
“perceptual color quality” were directly correlated, but also that the “perceptual color
quality” was easier than the “perceptual image quality” in image assessment. In addition,
the time required to assess perceptual image quality was significantly higher than the
time needed to assess perceptual color quality, and the results showed that the concept
of perceptual image quality is broader and vaguer in the cognitive processes of subjects
compared to the concept of perceptual color quality. Two different kinds of phrases,
“color quality” and “image quality,” correspond to the semantic understanding of the
observer. Furthermore, the tasks for evaluating “perceptual color quality” were signif‐
icantly clearer and more specific than the tasks for evaluating “overall image quality.”
Table 2 shows the top eight attributes corresponding to the image quality. The attributes
—brightness, colorfulness, naturalness, preference, sharpness, contrast, fidelity, and
total image quality—were selected and discussed by 33 master program students in the
department of design. Brightness and colorfulness are the top two attributes, which
directly corresponds to the image assessment concept.

Many studies in the past decade have started to assess image information and visual
quality through human visual systems based on human factor engineering and perception
psychology [10, 12, 16, 17]. Because the model should be easy to apply to image indus‐
tries and practical issues, most studies use the simple linear regression analysis method
to construct the model. However, many assessment items used to evaluate an image are
complex for semantic understanding, such as preference [18, 19], naturalness [20], and
total image quality [6, 10]. Thus, this study questions whether the linear analysis method
is sufficiently accurate and easy to apply based on simple assessment items. Semantic
understanding and task-oriented are the most important issues in image assessment.
Thus, the aim of this study focuses on discussion of clear semantic understanding and
single task-oriented in the image assessment issues based on the cognition level

Table 2. The attributes related to the image quality concept.

Attributes Related items (semantic understanding)
Brightness Tone of light/shadow, gray scale levels, detail of highlight, detail of shadow
Colorfulness Saturation, color balance, memory color for objects, skin color, color scale

levels in shadow, chorma, hue angle, reality color
Naturalness Skin color, object color, main subject color, nature color, preference,

sharpness, texture, color appearance, image fidelity
Preference Personal experience, the object attribute, acceptable color, acceptable

texture, image content. Color tone
Sharpness Clear, sharp image, sharp edge
Contrast Acceptable color, brightness contrast, color contrast, total image contrast
Fidelity Nature color, preference, sharpness, main subject color, memory color,

memory texture
Total image
quality

Gray scale levels, detail of highlight and shadow, saturation, color balance,
skin color, preference, sharpness, texture, color appearance, image fidelity,
nature, main subject color, memory color, memory texture

394 C.-M. Tsai et al.



approach. As the clear semantic understanding and single task-oriented concept, bright‐
ness and colorfulness are selected to discuss in this study. In the role of psycho-attributes
and physical attributes, the brightness relates to the lightness of image and the color‐
fulness relates to the chroma and hue angle.

2 Research Method

2.1 The Scale of Physical Attributes

A previous study checked the scale of physical attributes, which is appropriate for an
experiment of image quality. Serial psychophysical experiments were conducted to
examine the differences of each physical attribute by visual assessment. In the results
of the previous study, the range of image adjustments in lightness was set from 60% to
140%, and the best was 100%. The range of image adjustments in chroma was set from
80% to 155%, and the best was 115%. The range of image adjustments in hue angle was
set from −20° to 20°, and the best was 0°. The range of image adjustments in contrast
was set from −5 to +3, and the original value was zero [4].

2.2 The Image Stimuli of Previous Study

Four images were used in the previous study, and each image was modulated by four
physical attributes including lightness, chroma, hue angle, and contrast (see Fig. 2). All
images were also processed according to color conversion and physical adjustment
based on the CIECAM02 function by the Boland C++ program. To display the image
for visual assessment tasks, the modulated images were represented on the screen by
Visual Basic 6.0 software [3, 4].

Fig. 2. Image stimuli set for main experiment.

2.3 Experiment Design and Participants

Each observer was seated facing a calibrated 30 inch Sharp LCD-TV with fixed lumi‐
nance and color temperature control on 120 cd/m2 and about 6500 k. The laboratory
light was fixed luminance and the color temperature was controlled by 233 lx and abuts
6500 k. The resolution of screen was multiply 1360 by 768 pixels. Each trial randomly
showed an image, and the background color was set by a mid-grey color having L* about
60. The serial order in which the images were projected was randomized by the computer
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so that the image order changed every trial. Totally, that about 40 min for finish the
experiment. The experimental environment has set as the same as to the environment of
pervious study [4]. The scale of physical attributes and the image stimuli of experiment
were according to the previous studies [3, 4]. 90 observers participated in the visual
assessment experiment. All the observers possessed normal color vision according to
the Ishihara color vision test.

2.4 Multi-collinearity Testing

In terms of Multi-Collinearity testing based on the Person correlation coefficient analysis
for check the correlation coefficient between brightness and colorfulness. 90 observers
participated in the results show that there were very low correlation coefficient between
brightness and colorfulness (r = .154, p < .001). In the other words, that may have no
linear relationship between those two attributes.

3 Data Analysis and Results

Due to the stepwise regression method in linear analysis can achieve the greatest predic‐
tive power of dependent variables with a minimum number of variables. Stepwise
regression method also uses the relative strength of every explanatory variable and
dependent variable to determine which independent variables can be incorporated into
regression equations [21]. Thus, this study implemented the stepwise regression method
to establish a regression prediction model by using SPSS 17 statistic software. The data
adopted to establish the regression model in this stage was obtained by randomly
selecting the 81 participants (about 90%) from the original 90 participants. The
remaining one-third of the 9 participants (about 10%) were reserved for model verifi‐
cation [21]. The sample size of participants conforms with the minimum sample size
criteria of holdout data, which is 2 K + 25. Since there are four independent variables,
K equals to 4. Thus, 33 participants conformed with the minimum sample size criteria
[21]. The total number of observation from experiments were 26,244 (4 images × 81
scale adjustment variations × 81 participants). Finally, 81 averaged samples were set for
linear and non-linear regression analysis.

3.1 Linear Regression Result for Brightness

The Lightness variable in Model I can explain that Brightness has reached a variance of
94.0% (F(1,79) = 598.340, p < .001). The Lightness variable also has an explanatory power
of 88.3% when represented by adjusted R2. Chroma variable was added into Model II,
which can individually explain that Brightness only possesses a variance of 2.5% (F(2,78) =
395.649, p < .001). Contrast variable was added into Model III, which individually
explained Brightness with only 0.4% for variance (F(3,77) = 351.579, p < .001). Hue Angle
variable was added into Model IV. This variable can explain Brightness individually, and
it revealed the minimum R2 with a variance of 0.4% (F(4,76) = 281.019, p < .001). All four
independent variables aforementioned reached the significance level for regression model
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(p < .001). Therefore, the four independent variables in Model IV can explain Brightness
with a variance of 96.8% in total. The adjusted R2 was also 93.3% (see Table 3). So the
regression equation for Brightness is shown as Eq. (1).

Table 3. Explanatory power and cross-validation of two prediction models with linear regression
by stepwise method.

Linear model Brightness Colorfulness
Including independent Li Ch
Variables Ch Ha

Co
Ha

Adjust R2 .933 .810
F 281.019 171.616
Sig. .000 .000

Li: Lightness, Ch: Chroma, Ha: Hue angle, Co: Contrast

3.2 Linear Regression Result for Colorfulness

The Chroma variable in Model I can explain that colorfulness has reached a variance of
89.4% (F(1,79) = 314.086, p < .001). The colorfulness variable has an explanatory power
of 79.6% when represented by adjusted R2. Hue angle variable was added into Model
II, which can individually explain that colorfulness only possesses a variance of 1.4%
(F(2,78) = 171.616, p < .001). All the two independent variables aforementioned reached
the significance level for regression model (p < .001). Therefore, the two independent
variables in Model II can explain colorfulness with a variance of 90.3% in total. The
adjusted R2 was 81.0%. So the regression equation for colorfulness is shown as Eq. (2).

Brightness = 5.736 × Lightness + 1.067 × Chroma
+ 2.210 × Contrast + 0.919
× HueAngle − 0.706

(1)

Colorfulness = 4.060 × Chroma + 1.175 × HueAngle
+ 0.706

(2)

3.3 Cross-validation of the Linear Regression Prediction Model

Cross-validation was also implemented at the same time to examine the correlation
between the actual value of participants’ evaluation and the prediction value posted to
the computing process of the model. The analysis using Pearson’s correlation coefficient
discovered that the participants’ evaluation outcome obtained from the brightness
prediction model had 94.6% correlation (prediction ability), while the prediction model
for colorfulness had 82.9% prediction ability.
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3.4 Results of Non-linear Regression Analysis

The stepwise regression method has also used to non-linear regression analysis. The
results of regression analysis shows (see Table 4), the six independent variables in
brightness’s model can explain that Brightness has reached a variance of 98.5% (F(1,79)
= 402.972, p < .001). The adjusted R2 was also 96.8%. The seven independent variables
in colorfulness’s model can explain that colorfulness has reached a variance of 97.6%
(F(1,79) = 207.606, p < .001). The adjusted R2 was about 94.8%. It’s also very high
prediction ability that compare to the results of linear regression.

Table 4. Explanatory power and cross-validation of two prediction models with non-linear
regression by stepwise method.

Non-linear model Brightness Colorfulness
Including independent Li Ch
Variables ChHaCo Ch2

Li2 LiCh2HaCo
Li2Ch2Ha2Co LiCh2Ha2Co2

LiChHaCo Li2ChHaCo
Li2ChHaCo LiChHaCo

ChCo
Adjust R2 .968 .948
F 402.972 207.606
Sig. .000 .000

Li: Lightness, Ch: Chroma, Ha: Hue angle, Co: Contrast

4 Discussion

The image assessment tasks for diverse observers are difficult to collect as stable data
and results. Both the semantic understanding in the IPS model and the task-oriented in
the CPS model were considered high-level processing based on cognition level. It’s an
important issue for image assessment research. Clearly a semantic allows observers to
understand the assessment task when they assess a complex image, such as the brightness
attribute directly related to the image’s lightness, tone, highlight/shadow, grayscale
levels, and so on. Specifically, the single task-oriented, which assesses the brightness of
the images, is very important in the image assessment experiment. For example, the
colorfulness attribute directly relates to the image’s saturation, color balance, memory
color for objects, skin color, color scale levels in shadow, chroma, hue angle, and reality
color. All of these items were considered by the observers when they assessed the
images. Tsai et al. (2016) [3] point out that naturalness, preference, and total image
quality also corresponded to diversity factors with cognition issues, but they were more
complex when assessing the total image quality by visual assessment. In contrast to
brightness and colorfulness, the “semantic understanding” should be more difficult for
observers who are assessing total image quality.
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The aim of this study is to focus on the clear semantic understanding and single task-
oriented issues in image assessment. Thus, brightness and colorfulness were selected to
discuss in this study. This study also finds the simple function based on brightness and
colorfulness prediction models. They are easy to apply or to reconstruct the research.
The results demonstrated a very high prediction ability in brightness and colorfulness
whether the linear (Adjust R2 = .933 in brightness prediction model, Adjust R2 = .810 in
colorfulness prediction model) or non-linear (Adjust R2 = .968 in brightness prediction
model, Adjust R2 = .948 in colorfulness prediction model) models were used. Since the
model should be easy to apply to images, industries and practical issues are the main
purpose. The results show that a clear semantic understanding and single task-oriented
are important in the experiment, which could help observers go through a simple image
assessment process. It could also help researchers get clear data and nice results.
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