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Motivation - Camera quality assessmen

LIVE in the wild

Traditional BIQA

* Aesthetics
* Includes any content
* Global score
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Motivation - Portrait quality assessment
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Motivation - Limitations

Existing PQA research is
limited

FIQA evaluates the face utility in face
recognition systems

Existing IQA datasets are

not designed for PQA |IQA datasets rely on crowdsourcing

and do not account for cross-content
quality differences

Most IQA datasets conduct shallow
to no statistical analysis on the
annotations

P1Q23



P1Q23 - Characteristics

5,116 authentically distorted portrait images

« 50 pre-defined scenarios (of around 100 images each) covering four lighting
conditions: outdoor, indoor, lowlight and night.

« 100+ smartphone devices from 14+ different brands, covering over a decade
of smartphone camera technology.

 Individuals of different ethnicities and genders.

« Three quality attributes:
» Face detalls preservation;
« Target exposure on the face;
» Overall portrait quality;

« Annotated by 30+ image quality experts using pairwise comparisons,
following specific guidelines.

« Annotated by pairwise comparisons and scaled to JOD units.

« Around 600k comparisons in total, averaging 4000 per scene for each
attribute (1666+ hours of annotations).

« Complies with GDPR where individuals have explicitly granted permission
for their image rights.



P1Q23 - Perceptual analysis

N

Each attribute
was analyzed on
N different ROI
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P1Q23 - Perceptual analysis

Face detalls preservation ’ Overall portrait quality ‘ Target exposure on the face
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Advanced statistical analysis - Motivation

Develop a statistical analysis approach on PWC experiments

« Image quality annotations are noisy:
* Intra-annotator variance;
* Inter-annotator variance;
« Sampling and annotator bias;
» Scaling errors.

« Confidence intervals are not enough to evaluate the annotation uncertainty:
« How to interpret the overlap of confidence intervals?
» How to account for the score covariance due to the JOD scaling algorithm?

« We have developed a new statistical analysis method that arranges the images into groups of
significantly different quality levels, thus precisely quantifying the JOD scale.



Advanced statistical analysis - Method
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Advanced statistical analysis - Results

Results on 20 scenes for the four

annotated attributes

Larger quality range <-> more
distinguishable levels
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Blind IQA on PIQ23

How to train deep learning models on
P1Q23?

Domain shift challenge

« Each scene has its own JOD scale due to the nature of
psychometric scaling which is relative to the
experiment’s settings

« The quality is content dependent. For example,
evaluating the target exposure of night conditions is
different from sunny conditions

Target exposure quality with similar JOD on
different lighting conditions

Indoor Night

Outdoor backlit Outdoor shadows
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Blind IQA on PIQ23

How to train deep learning models on
P1Q23?

Domain shift challenge

« Each scene has its own JOD scale due to the nature of
psychometric scaling which is relative to the
experiment’s settings

« The quality is content dependent. For example,
evaluating the target exposure of night conditions is
different from sunny conditions

Solution

« S1: Rescaling the quality for
each scene

« S2: Semantic aware quality
predictions

13



Blind IQA on PIQ23

SEM-HyperlQA-SO (S1)
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Blind IQA on PIQ23

SEM-HyperlQA-CO (S2)

Multi-scale content feature
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Blind IQA on PIQ23

SEM-HyperlQA (S1 + S2)
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Blind IQA on PIQ23 - Benchmarks

SROCC on PIQ23
# Method Details Exposure Overall Tradition,,
| BRISQUE [36] 0.323 0.307 0.192 ndersiches
2 NIQE [37] 0.378 0.265 0.298 rrorm
3 ILNIQE [64] 0.353 0.312 0.214
4 DB-CNN [67] 0.628 £0.07 0.635 £0.06] 0.555 £0.07
5 HyperIQA [57] 0.649 £0.08  0.706 £0.04| 0.611 £0.06
6 MUSIQ [25] 0.671 £0.07  0.725 +0.04| 0.589 £0.07
51452 7 SEM-HyperIQA 0.671 £0.07 0.71 £0.04 | 0.621 +0.06
S1 8§ SEM-HyperIQA-SO | 0.722 £0.06 0.721 £0.06| 0.642 +0.08
S2 9 SEM-HyperlQA-CO | 0.664 £0.07 0.71 £0.06 | 0.621 £0.07

For Details and Exposure, the scene semantics cannot be
easily extracted from the input (face ROI), thus only S1 applies,
which explains the good performance of SEM-HyperlQA-SO.
Our proposition outperforms MUSIQ for Details and is on par
for Exposure.

For Overall, the scene semantics can be easily extracted

(the input is a full image), thus S1 + S2 applies, since
HyperlQA already extracts semantic information, SEM-

HyperlQA and SEM-HyperlQA-CO have similar
performances. The S1 solution boosts the results since

we feed the index as input making the task easier.
17



Summary

* In this paper, we have introduced P1Q23, a portrait-specific image quality
assessment dataset of 5k images on 50 scenes acquired by 100+
smartphones and annotated by 30+ experts.

« We have developed an advanced statistical analysis method to quantify the
results of an IQA experiment.

« With an extensive benchmarking on P1Q23, we have demonstrated how a
simplified approach to domain shift can enhance the results of IQA models.
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