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Self Introduction
Dept. of Computer Science and Information Engineering, National Chung
Cheng University, Taiwan (CCU)
Founded as a research-oriented university on July 1, 1989.
15 KMs from the Chiayi City, which is approximately 250 KMs south of Taipei.
We have seven colleges and more than
10,000 students
One of the most beautiful campuses in Taiwan

Taipei

CCU
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My Research
• Event detection
• Tag suggestion & localization
• Semantic context detection

•
•
•
•
•
•
•
•

Animation to comics
Scene categorization
Image classification
Video summarization
Rhythm of motion
News video analysis
Logo detection
Visual pattern discovery

Multimedia
Semantics
Analysis

Image/Video
Classification
& Presentation

Website: http://www.cs.ccu.edu.tw/~wtchu/

• Context-aware scene detection
• Image aesthetics assessment
• Social network analysis

Social Media
Analysis &
Crowdsourcing
MM
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Motivation
Image quality assessment has been widely studied
Image summarization
Image classification
Automatic image editing

Generally, the larger the better
Observation
Small images may look more appealing than large images.
Photo sharing websites and online auction websites

Human perception may differ for the same image displayed in different sizes.
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Pilot Study
Experiment design
25 color images from Flickr1.
117 subjects were invited to assess images
displayed in two different scales.
Large scale:
1200 pixels in width or height

Small scale:
120 pixels in width or height

ACQUINE2
State-of-the-art image aesthetic
assessment engine

Summary

80*120

800*1200

90*120

900*1200

Manual rank = 5

Manual rank = 22

Manual rank = 24

Manual rank = 10

ACQUINE rank = 21

ACQUINE rank = 23

ACQUINE rank = 24

ACQUINE rank = 22
Size does matter
The effect of display size has long been overlooked

We would investigate the relationship between image aesthetic perception and display size.
1. http://www.flickr.com/
2. R. Datta and J. Wang. ACQUINE: Aesthetic quality inference engine-real-time
Automatic rating of photo aesthetics. In MIR, pages 421-424, 2010.
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Contributions
(1) Size does matter:
Based on a large set of crowdsourced user ratings, we confirm that display size significantly
affects image aesthetic assessment.

(2) Physical dimension vs. image resolution:
Through our aesthetics prediction model, we show that the physical dimension of an image
is more important than its resolution in terms of aesthetics perception.

(3) Effective features:
The prediction models give clues about which features tend to be more effective in aesthetic
assessment.

6

Outline
Introduction
Trace collection and analysis
Aesthetic Quality Prediction
Discussion
Conclusion and Future Works
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Experiment Design
We collected 100 images from Flickr as
the image pool.
The images’ width and height are both
no smaller than 1000 pixels.
Category

# Images

Category

# Images

Animal

15

Object

12

Architecture

16

Scenery

18

Art

9

Sport

10

Human

20
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Experiment Design
User interface
1. Input the width and height of your screen

W:

CM

H:

CM

2. Input the width and height of the rectangular area

W:

CM
Next

H:

CM

Start experiment
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Experiment Design
The system then enters the image rating phase.
60 rounds
Each image is resized with a random scaling factor
between 0.1 and 1.0
A scaling factor 1.0 corresponds to a 1000 ∗ 1000 pixels
display area.
A scaling factor 0.38 corresponds to a 380 ∗ 380 pixels
display area.

Scaling
factor = 0.38

Five-point MOS (Mean Opinion Score)
Bad, Poor, Fair, Good, and Excellent (1~5)

Scaling
factor = 1.0
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Trace Summary
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Image Size Does Matter
The scatter plot of user scores vs. scaling factors.
The user rating increases with the image size; however, the effect diminishes when the
scaling factor is larger than 0.7. -- The image size does influence users’ aesthetic perception.

Image scaling impacts the aesthetics ratings in all categories.
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Heterogeneous Effect of Image Scaling
Image scaling affects the aesthetics ratings of different images in a highly
unpredictable and complicated way.
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Heterogeneous Effect of Image Scaling
The images receiving the best and worst user ratings at the highest scale (1.0)
and lowest scale (0.1) – Aesthetics rankings of images are content-dependent
and vary at different scales.
Scale 1.0

Scale 0.1

The difference between the average score at
the smallest scale (0.1) and the largest scale (1.0).
The ratings of Art and Scenery pictures are more affected
by image scaling than Animal, Architecture, and Sport pictures.
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Outline
Introduction
Trace collection and analysis
Aesthetic Quality Prediction
Model Construction
Scoring Model
Ranking Model
Pixels vs. Physical Dimension
Feature Selection and Fusion

Discussion
Conclusion and Future Works
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Model Construction
We construct a scoring model and a ranking model to predict absolute aesthetic
scores and relative aesthetic ranking, respectively.
We formulate aesthetic quality prediction as a regression problem.
Scoring model
1
1
m
Goal : predict aesthetic score
Feature vectors of n training images
, … , : m dimensional
Scores of n training images
,…,

n

m

Feature matrix

weighting matrix

=

n

score matrix

The relationship between features and scores is described as
Each column of A and b is with zero mean.
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Scoring Model
Use the partial least square regression (PLSR) method to construct models.
The PLSR describes relations between sets of observed variables by means of latent
variables.
Training:
Feature matrix : A
Score matrix : b
We use PLSR to train the weighting matrix

Testing:
Testing image : )*
+* ∶ feature matrix of )* , . : average of b
. / +0*
*
1De

Jong, S., 1993. SIMPLS: an alternative approach to partial least squares regression. Chemometrics and Intelligent
Laboratory Systems, 18: 251–263
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Ranking Model
) : resized image
)1 ∶ image with scaling factor 0.5
Feature vector dimension-wise
+023→25
0

67 0 , 7 0 8 710 , 9: ;

n

)1

Rank difference b = (< -<1 )
< ∶ the rank of image )
<1 ∶ the rank of image )1

Rank diff.
matrix

)

<1

<

7

Feature vector generation

8 710 :

7
feature difference
9: : scaling factor difference

n

weighting
matrix

Feature extraction
71

=

m

Feature
matrix

Goal : predict aesthetic rank difference
Training:

1

1

m

Rank difference
generation

+023→25

b
Ranking model

x

Weighting matrix : x
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Display Size: Pixels or Inches?
Image scaling can be characterized either by the changes of an image’s
resolution (in pixels) or its physical dimension (in inches) on a display device.
Pixel mode
Dimension mode

We use five-fold cross validation for model training and testing.
Pearson correlation and Spearman correlation between predicted results and
the ground truth are respectively calculated.
Range: 81 to / 1
Pearson correlation: prediction accuracy of a model
Spearman correlation: degree of consistency between ranking of predicted results and
ranking of the ground truth
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Display Size: Pixels or Inches?
In pixel mode, image resolutions range from 100 ∗ 100 pixels to 1000 ∗ 1000
pixels.
6:;

Resized image )= : > ∗ > pixels
Scaled factor ? >/1000
Nine groups: 0.1, 0.2 , 0.2, 0.3 , … , C0.9,1E
6 ;

6G;

6H;

Ground truth: F= , F= , … , F=

In dimension mode, image display sizes range from I ∗ I inches to IG ∗
IG inches.
6:;

Resized image )= : > ∗ > inches
Scaled factor ? >/IG
Nine groups: 0.1, 0.2 , 0.2, 0.3 , … , C0.9, 1E
6 ;

6G;

6H;

Ground truth: F= , F= , … , F=
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Feature Selection and Fusion
Meaning

Content attributes (C)
Compositional attributes (S)
Both (B)
Other (O)
Meaning

tp
C
C

f1
f2

Area of the centric region containing 70% of edge pixels
Range, mean, and standard deviation of intensity, hue, and
saturation

f3
f4

Hue contrast, hue count, and hue frequency
Mean values of hue, saturation, and intensity in the three largest
region

3
9

C
C

f5
f6

blurness
Mean and standard deviation of intensity, hue, saturation in the
center region

1
6

C
C

f7

Mean Daubechies wavelet coefficients of hue image, saturation
image, value image, at three levels

9

C

f8
f9
f10

Average hue distance between the five largest regions
Histogram of average RGB
Dark mean

1
256
1

C
C
C

Tp

40

C

f12

Depth of field of hue image, saturation image, and value
image
Level 1 pyramid histogram of oriented gradients (PHOG)

f13

Gabor wavelet texture

480

C

f14

Mean values of hue, saturation, and intensity in ROIs

3

C

f15
f16
f17

Intensity histogram
Hue histogram
Ratios of areas of the three largest regions to the whole
image
Coordinate vector of the largest region
Spatial variance of the three largest region
Number of regions whose areas are larger than 10% of the
whole image
Ratio of the total area of the five largest region to the whole
image
ROI weighted by rule of thirds

256
360
3

C
C
S

2
3
1

S
S
S

1

S

1

S

1
4

S
S

1
1

B
B

2

O

f11

Di
m
1
9

Di
m
3

f18
f19
f20
f21
f22
f23
f24
f25
f26
f27

Diagonal edges
Mean positions and slopes of horizontal lines and vertical
lines
Sum of edge magnitudes weighted by rule of thirds
Visual symmetry evaluated by difference between PHOGs in
the left and right halves of an image
Width and height of the image

C
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Effectiveness of Feature
We evaluate performances of individual features based on the scoring model in
the dimension mode.
Simple features like intensity histogram (f15), hue
histogram (f16), and physical dimensions of width
and height (f27) are effective predictive factors.
Effectiveness of features: the Pearson correlation
between weights and performance is 0.61.
Weights discovered by the PLSR process indicates
effectiveness of features to some degree.
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Score Prediction vs. Ranking Prediction
Performance of the scoring and ranking models trained in the
dimension mode.
Two observations
Content-based features play an important role in predicting aesthetic
perception.
The scoring model is more accurate than the ranking model.
Scoring model

C

S

C+S

All

Ranking model

C

S

C+S

All

Pearson

0.83

0.33

0.83

0.86

Pearson

0.65

0.23

0.65

0.65

Spearman

0.84 0.35

0.84

0.87

Spearman

0.64

0.24

0.64

0.64
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Physical Dimension Is More Important
Performance of the scoring model in both pixel and dimension mode.
Scoring model

Pixel mode

Dimension mode

Pearson

0.84

0.86

Spearman

0.84

0.87

The physical size of an image reflects how humans perceive an image more
directly, though the number of pixels also matters.
How an image is presented should be taken into consideration in aesthetic
quality prediction.
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Content-Dependent Performance
Performance of the scoring model for different image categories
Humans are more likely have diverse individual interpretations for art and
human images.

Pixel mode

Dimension mode
25

Existence of “Best Display Size”?
Is there a rule to find the “best size” for displaying an image?
80% of the evaluation images have no clear trend on ranking evolution.
The degree of increasing for some images would be higher than that for other images.

Aesthetic ranking evolutions of three sample images.
The mechanism for human to compare images
is complex.
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Conclusion and Future Works
Conclusion
We have presented image’s resolution and physical dimension do affect aesthetic perception.
We show that the impact of image scaling does not monotonically apply to any image but is
highly dependent on image content.
This work is the first pointing out the impact of image resolution and display size on
aesthetic quality assessment.

Future works
Design better features
Discover rules to find the “best display size” of an image
Increase size of experiments
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Demo
We normalize the predicted scores and the ground truth from 0 to 100.
The predicted scores and the ground truth are very close.

Size : 800*663 pixels
Predicted scores : 91
Ground truth : 95
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Demo
The predicted scores and the ground truth are very close.

Size : 100*69 pixels
Predicted scores : 14.625
Ground truth : 15
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Demo
The predicted scores and the ground truth are significantly different.

Size : 900*814 pixels
Predicted scores : 87.4
Ground truth : 25
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Demo
The example of a small image having a higher aesthetic score.

Size : 300*225 pixels
Predicted scores : 78.1
Ground truth : 80.8
Size : 700*525 pixels
Predicted scores : 75
Ground truth : 73.25
31

Demo
Score increase of our prediction model is larger than that of ACQUINE.

Size : 300*225 pixels
ACQUINE : 15.6
PLSR-S : 44.5

Size : 800*600 pixels
ACQUINE : 16.2
PLSR-S : 56.3
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Demo
Score increase of our prediction model is larger than that of ACQUINE.

Size : 300*225 pixels
ACQUINE : 36.7
PLSR-S : 59.6

Size : 800*600 pixels
ACQUINE : 42.2
PLSR-S : 80.9
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Q&A
Wei-Ta Chu
National Chung Cheng University, Taiwan
wtchu@cs.ccu.edu.tw
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