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1) INTRODUCTION TO HDR
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Luminance (1)

ÁPhysically:

ïluminous power [lm]

per unit solid angle per 

unit area

ïanalogous to ñwhat we 

see with our eyesò

ïphotometric analog of 

radiance (weighted by 

luminous efficiency 

function)



Training School - Brno, Czech Republic, COST, 5 October 2014 #5Martin Ļad²k, http://cadik.posvete.cz

Luminance (2)

ÁLuminance

ïIn color science: weighted sum of linear RGB

ÁY = 0.2126 R + 0.7152 G + 0.0722 B

ÁLuma

ïWeighted sum of gamma corrected (nonlinear) RGB

ÁY' = 0.2126 R' + 0.7152 G' + 0.0722 B'
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Various Dynamic Ranges (1)

Luminance [cd/m2]

10-6 10-4 10-2 100 102 104 106 108
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Various Dynamic Ranges (2)

Luminance [cd/m2]

10-6 10-4 10-2 100 102 104 106 108
Contrast

1:500

1:1500

1:30
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High Dynamic Range

10-6 10-4 10-2 100 102 104 106 108

HDR Image Usual (LDR) Image
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Measures of Dynamic Range

Contrast ratio CR = 1 : (Ypeak/Ynoise) displays

(e.g., 1:500 )

Orders of 

magnitude

M = log10(Ypeak)-log10(Ynoise) HDR imaging

(= 2.7 orders)

Exposure latitude 

(f-stops)

L = log2(Ypeak)-log2(Ynoise) photography

(= 9 f-stops)

Signal to noise 

ratio (SNR)

SNR = 20*log10(Apeak/Anoise) digital cameras

(= 53 [dB])
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HDR Pipeline
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1.1 Overview

ÁCapture of HDR images and video

ïHDR sensors

ïMulti-exposure techniques

ïPhotometric calibration

ÁTone Mapping of HDR images and video

ïEarly ideas for reducing contrast range

ïImage processing ïfixing problems

ïAlternative approaches

ïPerceptual effects in tone mapping
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HDR: a normal camera canôté

Á linearity of the CCD sensor

Á bound to 8-14bit processors

Á saved in an 8bit gamma corrected image
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HDR Sensors

Á logarithmic response

Á locally auto-adaptive

Á hybrid sensors (linear-logarithmic)
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HDR Using Multiple Sensors
Á semi-transparent mirror 

/prism

Ámultimple sensors with 

different sensitivity

Á Panoscan Mark3, 

SpheronVR (scanning 

panoramic cameras), HDR 

video, HDR-Cam, etc.
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Multi-exposure Technique (1)
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Photometric Calibration

ÁConverts camera output to luminance

ïrequires camera response,

ïand a reference measurement for known exposure 

settings

ÁApplications

ïpredictive rendering

ïsimulation of human vision response to light

ïcommon output in systems combining different 

cameras
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Photometric Calibration (cntd.)

acquire

target

luminance

values

camera response

measure luminance

camera output

values
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1.2 Overview

ÁCapture of HDR images and video

ïHDR sensors

ïMulti-exposure techniques

ïPhotometric calibration

ÁTone Mapping of HDR images and video

ïEarly ideas for reducing contrast range

ïImage processing ïfixing problems

ïAlternative approaches

ïPerceptual effects in tone mapping
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HDR Tone Mapping

Á Objectives of tone mapping

ïreally application dependenté

Luminance [cd/m2]

10-6 10-4 10-2 100 102 104 106 108
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Aesthetical Cognitive Perceptual

[Ļad²k et al. 06]

Objective of Tone Mapping
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Large choice of Tone Mapping Methods

http://cadik.posvete.cz/tmo/
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General Principle
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General Ideas

ÁLuminance as an input
ïabsolute luminance

ïrelative luminance (luminance factor)

ÁTransfer function
ïmaps luminance to a certain pixel intensity

ïmay be the same for all pixels (global operators)

ïmay depend on spatially local neighbors (local operators)

ïdynamic range is reduced to a specified range

ÁPixel intensity as output
ïoften requires gamma correction

ÁColors
ïmost algorithms work on luminance

Áuse RGB to Yxy color space transform

Áinverse transform using tone mapped luminance

ïotherwise each RGB channel processed independently
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2) HDR IMAGE AND VIDEO 

QUALITY ASSESSMENT 



Training School - Brno, Czech Republic, COST, 5 October 2014 #25Martin Ļad²k, http://cadik.posvete.cz

HDR Pipeline
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2.1 Overview

ÁIntroduction to Objective Quality Assessment

ÁImage Quality Assessment

ïHVS-based Metrics (bottom-up)

ïStructural Similarity (top-down)

ïData-driven Approaches (top-down)

ÁVideo Quality Assessment
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FR Quality Assessment (IQA, VQA)

Rate

the

Quality

+ Reliable      - High cost
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Full-Reference Image Quality Metrics

localized 

distortion map

FR

IQM
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Full-Reference Metrics

ÁWhat are they good for?

ïQuality assessment scenarios in 

compression/transmission, etc.

ïAlgorithm analysis/validation/evaluation

ïGuiding/ parameter estimation of renderers

ïStopping criterions

ïSpeed/ quality enhancements
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Math-based FR Metrics

ÁAD

Á(R)MSE

ÁPSNR

ÁsCORREL
(Spearman's rank correlation coefficient per block)
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Simple Full-reference Metrics

MSE = 280 MSE = 280 MSE = 280 !

Random Noise Blur ~15% Decreased

Luminance

Reference
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2.2 Overview

ÁIntroduction to Objective Quality Assessment

ÁImage Quality Assessment

ïHVS-based Metrics (bottom-up)

ïStructural Similarity (top-down)

ïData-driven Approaches (top-down)

ïHDR IQM

ÁVideo Quality Assessment
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HVS Based Metrics

Probability of Detection:

~15% Decreased

Luminance

Random NoiseDistortion

Map

Distortion

Map
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Human Visual System

ÁPhysical structure 

well established

(early vision)

ÁHigh-level vision

still not fully understood
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Human Visual System (cont.)

ÁCSF

ïspecifies the sensitivity 

(1/detection threshold) 

as a function of the 

spatial frequency

ïdepends on

Áspatial frequency

Áadaptation level

Átemporal freq.

Áorientation

Áviewing dist

Áeccentricity, é

[Campbell and Robson 1968]





Training School - Brno, Czech Republic, COST, 5 October 2014 #37Martin Ļad²k, http://cadik.posvete.cz

ÁSteady-state CSFS

ïincl. adaptation 

luminance

Contrast Sensitivity Function (CSF)
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HVS ïVisual Masking
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Visual Masking

Loss of sensitivity to a signal with the presence of a ñsimilarò 

signal ñnearbyò.
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Modeling Visual Masking

ÁExample:JPEGôs 

pointwise extended 

masking: 

Cô: Normalized Contrast 
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Modeling Visual Masking -

Visual Channels Cortex Transform
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Error Sensitivity Based Approaches

ÁGeneral framework

ÁVisible Differences Predictor  [Daly93]

ÁPerceptual Distortion Measure  [Teo, Heeger 94]

ÁVisual Discrimination Model  [Lubin 95]

ÁGabor pyramid model  [Taylor et al. 97]

ÁWVDP  [Bradley 99]

ÁHDRVDP2 [Mantiuk et al. 05, Mantiuk et al. 11]

Pre-
processing

CSF 
Filtering

Channel
Decomposition

Error 
Normalization
and Masking

Reference
signal

Quality/
Distortion
Measure

Distorted
signal

Error
Pooling.

..
.
..



Training School - Brno, Czech Republic, COST, 5 October 2014 #43Martin Ļad²k, http://cadik.posvete.cz

ÁVisible Differences Predictor (VDP) [Daly 93]

ÁThreshold sensitivity

ÁEarly vision modeling

ÁVisual Masking

Error Sensitivity Based Approach

Amplit.
Nonlin.

CSF Cortex
Transform

Masking
Function

Amplit.
Nonlin.

CSF Cortex
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Masking
Function

Mutual
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2.2 Overview

ÁIntroduction to Objective Quality Assessment

ÁImage Quality Assessment

ïHVS-based Metrics (bottom-up)

ïStructural Similarity (top-down)

ïData-driven Approaches (top-down)

ïHDR IQM

ÁVideo Quality Assessment
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Structural Similarity-Based Approaches

ÁUQI  [Wang 02]

ÁSSIM [Wang 04]

ÁM-SSIM [Wang et al. 04]

ÁMultidimensional Quality Measure Using SVD 

[Shnayderman 04]
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Supervised Learning ïTraining Phase 

SL
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ÁNoRM [Herzog et al. 12]

ÁLPLD [Ļad²k et al. 13]

Á Image completion metric [Kopf et al. 14]

Supervised Learning ïPrediction

SL



No-Reference Image Quality Metrics

ïDetecting blockiness in JPEG/MPEG 
Á[Wang & Bovik ô06, Wu & Rao ó05]

ïBlurriness measure
Á[Liu et al. SPIE ô11,  Chen et al. SPIE ô11]

ïDetection / removal of false contours 

(color quantization)
Á[Daly S. & Feng SPIE ô04] 

ïNatural image statistics no-ref. QA
Á[Sheikh et al. ó05, Jpeg2000]

ïñRealò no-ref metric
ÁNoRM [Herzog et al. 12]

4.2
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NoRM: No-Reference Metric

Á Input: distorted image/video frame (no reference)

ÁOutput: map of distortions (possibly perceptually weighted)

NoRM

[Herzog et al. 2012]
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ïFeature descriptors (various information available)

ïDistortion maps (possibly real subjective data)

ïDepth + 3D related information

Data-Driven No-Reference IQM

SVM / 

K-NN 

é

é

é
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ÁDistorted (rendered) image Ą prediction
ï Traditional metrics: just a number on scale 1-5

ÁWe want a distortion map per pixel
ï Much harder problem

ï But ... we have 3D data!!!

Data-Driven No-Ref. IQM

SVM / 

K-NN 

é
3

Distortion 

strengthé

é

é

é

ïFeature descriptors (various information available)

ïDistortion maps (possibly real subjective data)

ïDepth + 3D related information
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System Pipeline NoRM

-

Classifier

(SVM)

Classifier

(trained)

Inpainting

Perceptual

Normalization
&

Data Preparation Training Prediction Artifact 
Correction

Image QM

Input set

Reference pairs User scribbles

Selected artifacts Sample locations

Multi-scale 
lighting, material, 
depth images

Descriptors + 
labels

New test image

Predict 
artifact

Predicted artifact 
probability

Perceptual artifact 
strength

Pseudo referenceTraining pairs

Train

Extract 
local 3D 
features

Blend 
mask
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Training Classifier

ÁGiven input data:

ïcolor, depth, material for one artifact type 

ïuser scribbled artifact mask

ïreference image without artifacts



Rendering Output ïClassification Input

HDR (LDR) color image 
(may contain  noise)

depth buffer        
(in high precision, no noise)

diffuse texture buffer



Computation of Additional Input Data

surface normals 
(computed from depth)

/mat

lighting (irradiance)

color (pixel radiance) textures depth
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Feature Descriptors

ÁTested several ñstandardò features

ÁColor-features from computer vision

ïHistogram of oriented Gradients (HoG)

ïFrequency domain features (DCT)

ïDifference of Gaussians (DoG)

ïLocal first-order statistics

ÁPlus 3D features given depth

Cropped block DCT coeff.
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3D Features: Local First-order Statistics

Á compute mean, variance, skewness, kurtosis in each segment at 

different scales of the grey-scale image pyramid (also for depth, 

normals)
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3D Features: Ambient Occlusion

screen-space ambient 

occlusion (SSAO)

Ágiven depth extract approx. ambient occlusion per pixel 

(distance to nearest occluder)



REFERENCE IMAGE



IMAGE WITH ARTIFACTS

SUBJECTS WITH REFERENCE
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Results (VPL noise)

Subjects (NO REF)

Subjects (REF)HDRVDP2 [Mantiuk et al. ó11] ï(REF)

Our Result (NO REF) SSIM  [Wang et al. ó04] ï(REF)

corr = 0.725

corr = 0.662 (0.628) corr = 0.674

corr = 0.903

Artifact Image
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Results (VPL noise)

Subjects (NO REF)

Subjects (REF)HDRVDP2 [Mantiuk et al. ó11] ï(REF)

Our Result (NO REF) SSIM  [Wang et al. ó04] ï(REF)

corr = 0.495

corr = 0.436 (0.298) corr = 0.469

corr = 0.913

Artifact Image
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Results (VPL clamping)

Subjects (NO REF)

Subjects (REF)HDRVDP2 [Mantiuk et al. ó11] ï(REF)

Our Result (NO REF) SSIM  [Wang et al. ó04] ï(REF)

corr = 0.134

corr = 0.470 (0.450) corr = 0.637

corr = 0.186

Artifact Image
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Results (Shadow aliasing)

Subjects (NO REF)

Subjects (REF)HDRVDP2 [Mantiuk et al. ó11] ï(REF)

Our Result (NO REF) SSIM  [Wang et al. ó04] ï(REF)

corr = 0.669

corr = 0.767 (0.638) corr = 0.742

corr = 0.772

Artifact Image
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FR Data-driven IQM (LPLD)

Á[Ļad²k et al. 13]

ÁSL=ensembles of bagged decision trees

ït=20 trees, avg. depth=10 

Á10 best features ranked by feature selection

ÁLOCCG dataset for training

ÁAdvantages

ïComputer graphics content

ïMany distortion types

ïSuperposition of distortions
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LPLD ïPerformance

ÁMetric performance ïROC analysis

ïLOCCG dataset ïleave one out cross validation

ïCompared to 7 state-of-the-art IQM
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LPLD ïResults (LDR)
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2.2 Overview

ÁIntroduction to Objective Quality Assessment

ÁImage Quality Assessment

ïHVS-based Metrics (bottom-up)

ïStructural Similarity (top-down)

ïData-driven Approaches (top-down)

ïHDR IQM

ÁVideo Quality Assessment
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Á [Aydēn et al. 2008]

Á Key Idea: Instead of 
the traditional contrast 
difference, use 
distortion measures 
agnostic to dynamic 
range difference

Á Result: An IQM that 
can meaningfully 
compare an LDR test 
image with an HDR 
reference image, and 
vice versa 

Á Enables evaluation of 
tone mapping 
operators

Dynamic Range Independent IQM (DRIM)
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L
D
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H

D
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Contrast Loss

C. Amplification

C. Reversal

Distortion Measures
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DRIM

http://metrics.mpi-inf.mpg.de/
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DRIM ïResults 
Local Gaussian Blur

HDR Reference LDR Test HDR-VDP
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DRIM ïLimitations 

ÁGrayscale

Ánot very accurate

Á+/- user interface (http://metrics.mpi-inf.mpg.de/)

http://metrics.mpi-inf.mpg.de/
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HDRVDP2

Á[Mantiuk et al. 11]

ïMatlab code available http://hdrvdp.sourceforge.net/

ïOnline version: http://metrics.mpi-inf.mpg.de/

ïopencl GPU implementation coming soon

ïCarefully calibrated with experimental data 

ÁNew CSF measurements

ÁLIVE, TID2008

ïChromatic CSF

ïSteerable pyramid

http://hdrvdp.sourceforge.net/
http://metrics.mpi-inf.mpg.de/
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HDRVDP2

ïLimitations

Ágrayscale

Áslower than SSIM


