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Motivation of Visual Verification
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• Methods producing pixel-wise reproduction of 
original data � standard metrics used in image 
restoration (L1, L2, PSNR, SSIM, VDP).

• Statistical methods produce only similar texture�
measures defining visual similarity between two 
different textures.
– Attempts based on second [Julezs 1962] and third order 

statistics [Yellott 1993] (not metric).

– Approaches based on combinations of cumulative 
histograms, Gabor features [Manjunath & Ma 96], 
steerable pyramids [Portilla & Simoncelli 00], Local Binary 
Patterns [Ojala et al. 02], Markov Random Fields features 
[Vacha & Haindl 07], [Filip et al. 10].

– However, the most reliable way is visual psychophysics.

Principles of Visual Verification
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Principles of Visual Verification

• Comparing visualizations of original data vs. model

• Requirements:

– Fast similarity evaluation

– In agreement with human visual perception

– Ability to evaluate similarity of different textures

• Visual Quality Assesment Metrics

– Metrics L1, L2, PSNR, SSIM, VDP

• Visual Psychophysics
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Image Quality Assessment Metrics

• Measure visual similarity of two textures

– Original vs. modified image (model)

• Advantages

– Automatic and fast results evaluation

– Provide similarity of pixel-wisely registered images & 
difference maps

• Disadvantages

– Pixel-wise comparison, e.g., not translation invariant

– Do not provide general similarity of two different images
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PSNR - Peak Signal-to-Noise Ratio

• an approximation to human perception of
reconstruction quality in compression codecs

• Based on Mean Square Error (MSE):

• The same images - PSNR = ∞ dB

• Acceptable range for video coding 30-50 dB
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SSIM – Structure Similarity Index Metric

• compares luminance, contrast, and structure

• local window (11x11pixels), Gaussian weighting

• range (-1,1), 1 – images are the same

[Wang et al. 04]
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SSIM – Structure Similarity Index Metric

Original           Contrast       Gauss. Noise            Blur  JPEG compr.        Original           Contrast       Gauss. Noise            Blur  JPEG compr.        

MSE 306                      309                  308                      309MSE 306                      309                  308                      309

SSIM 0.93                     0.58                 0.64                     0.58SSIM 0.93                     0.58                 0.64                     0.58

CW-SSIM 0.94                     0.81                 0.60     0.63CW-SSIM 0.94                     0.81                 0.60     0.63

CW-SSIM – Complex Wavelet Domain SSIM
insensitive to: - luminance/contrast changes and small 

geometrical distortions such as translation, scaling, and rotation

CW-SSIM – Complex Wavelet Domain SSIM
insensitive to: - luminance/contrast changes and small 

geometrical distortions such as translation, scaling, and rotation

PSNR [dB]       23.3                    23.2                 23.2 23.2PSNR [dB]       23.3                    23.2                 23.2 23.2

Z. Wang, A. C. Bovik, Modern Image Quality AssessmentZ. Wang, A. C. Bovik, Modern Image Quality Assessment

[Wang & Bovik 04]
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SSIM – BTF Compression Methods
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SSIM 0.77        0.75       0.99         0.97       0.95        0.47 0.41       0.51SSIM 0.77        0.75       0.99         0.97       0.95        0.47 0.41       0.51
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VDP – Visual Difference Predictor

[Daly 93] -- Model of low-level human vision for a given viewing 
conditions (screen resolution & size, observer distance)

[Ferwerda 1997]

• Basic concepts:

– Contrast Sensitivity Function

– Cortex Transforms 

– Visual Masking

[Myszkowski 2001]

Haindl & Filip, CVPR 2010

• Target and mask image processing pipeline

VDP – Visual Difference Predictor

[Mantiuk et al. 04][Mantiuk et al. 04]
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response of the human eye 

to luminance and the

loss of sensitivity
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VDP Applications

[Mantiuk et al. 04] – HDR implementation 

http://www.mpi-inf.mpg.de/resources/hdr/vdp/

• High-quality rendering stopping

• Adaptive mesh subdivision

• Compression artifacts evaluation

P>75%P>75% P>95%P>95%

Pixel visual difference 

probability

Pixel visual difference 

probability
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Visual Psychophysics
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Visual Psychophysics

• What we can get from it?

– Perceptual validation

– Visual comparison of different methods

– Tune methods parameters in accordance with human 

vision

– Help to find perceptually relevant computational model

Parametric 

space

Parametric 

spaceexperimentexperimentdatadata stimulistimuli

modelmodelnew datanew data

Perceptual 

space

Perceptual 

space
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Psychophysical Experiment Design

• Which visual feature or underlying parameter are 
analyzed?  � Stimuli preparation.

• What result are expected? What type of data 
analysis we assume? � Data collection.

• Subjects: number, background, motivation (paid vs. 
volunteers), age? � Consistency.

• What will be the subjects’ task? 

Task formulation is crucial. � Consistency.

• Conditions of the experiment and its length?

Control as much factors as possible.
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Experimental Stimuli - static

• Static stimuli - comparing of images

– Yes/No answer

– Pick up different object

– Evaluate intensity in a given range (e.g. 0-10) 
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Psychophysical Data Analysis

• Subjects results normalization and pooling (average, 
median, etc.)

• Are the results statistically significant? � statistical 
tests (ANOVA, Kruscal-Wallis, Cochran, etc.)

• Psychometric function� dependence of subjects’
response on stimulus intensity

guess rateguess rate

miss ratemiss rate
[Wichmann & Hill, 2001][Wichmann & Hill, 2001]

Haindl & Filip, CVPR 2010

Example: Methods Quality Evaluation

[Filip & Haindl, IEEE PAMI 2009]
[Filip & Haindl 09]
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Example: BTF Data Reduction
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[Filip et al. ACM TOG 08] 
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Method Overview
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BTF Vector Quantization – demo
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BTF Vector Quantization

• No. of preserved images vs. quantization threshold

??
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Psychophysical Experiment

• Goal: Find quantization thresholds giving the same 
perceived fidelity as original data

• 3 objects, 3 types of illumination

• 240 stimuli (8x6x5), 11 subjects

• 20.1” LCD calibrated screen

• ‘Can you detect any differences in the materials?’
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25%

Psychophysical Experiment

• Different objects• Different illuminations

�

�
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BTF Perceptual Subset

• Numbers of preserved BTF images for estimated 
thresholds

Original BTF data

6561 images

less than 30%

8%       23%      25%      24%     17%      29%      5% 11%
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Results – Psychophysical Thresholds
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Psychophysically-Based Metric

– σ1  total variance in BTF data

– σ2 mean variance across 

illuminations and views

– σ3 mean variance across 

image planes

• Automatic metric for data reduction needed

• Data variance analysis – candidates for metric:

Haindl & Filip, CVPR 2010

• BTF variances correlation with estimated thresholds

– σ1 (R=0.48) total variance in BTF data

– σ2 (R=0.67) mean variance across illuminations and views

– σ3 (R=0.76) mean variance across image planes

Psychophysically-Based Metric

point
grace
grassplain
AVG

New threshold:Set of linear 

equations:
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Validation Experiment

• 6 additional BTF samples, 18 subjects, one shape

• scaling value     from the previous experiment.

– Automatic thresholds setting metric

– No need to perform psychophysical experiment again

s

point
grace
grassplain
AVG

34%       24%      24%      32%       15%       5%   of images Haindl & Filip, CVPR 2010

Results – Derived Thresholds
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Original     LPCA         LPCA+

Applications – BTF Compression
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Applications – BTF Sampling

• Perceptually plausible sampling
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Eye-Tracking

Visual Psychophysics
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Gaze Data Recording (Eye-Tracking)

Task: Which one 
is different?

Stimulus image

Gaze recording

device (Tobii x50)

- Binocular

- Infrared-based

1. Gaze fixations  

locations a       

durations

2.Hot-spot maps

3.Visual search   

patterns

1. Gaze fixations  

locations a       

durations

2.Hot-spot maps

3.Visual search   

patterns

1. 1. 2. 2. 3. 3. 
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Study of Resampling Effects

• Stydy of uniform BTF resampling Effects:

[Filip et al. ACM TAP 2009]

• Subjects responses � resampling is less apparent:

– in azimuthal angles than in elevation ones

– in illumination directions than in view directions

– for environmental illumination & less glossy samples

[Filip et al. 09]
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• Slant of main axis = 
illumination gradient

• Analysis of Gaze Data for Different Samples

– Eye Fixations Data of 11 subjects -> PCA

– Fixation variance coded as length of ellipse axes

– Orientation in direction of 1. principal component

Example: Gaze Analysis of Materials
[Filip et al. ACM TAP 2009]

[Filip et al. 09]
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[Filip et al. 10]
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Conclusions on Visual Verification

• Applicable metrics exist for pixel-wise comparison.

• Lack of reliable general texture similarity metric

• Visual Psychophysics allows:
– Arbitrary customized stimuli.

– Time demanding & expensive, but can provide valuable 
results.

– Enables to find optimized parametric setting.

– Useful for identification of proper statistical features � 
this can be difficult.

• Applications shown
– More efficient compression and visualization

– Selective material sampling

– BTF visual attention prediction
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