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Objective and Contribution

Main objective: Propose a computational model to Human Visual
System (HVS) response to assess natural image blur

@ Synthesize visual sensitivity response by a convolutional filter

® Use HVS convolution filter to perceive image blur features

© Implement algorithmic workflow to quantize image blur

/ Human Visual System (HVS) \

Visual Blur
Perception

Natural Image Blur
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Human Visual System (HVS) Response Modelling
Numerical Framework by MaxPol Convolution Kernels
Natural Image Frequency Falloff Modelling
No-Reference (NR) Focus Quality Assessment (FQA)
Experiment-l: Synthetic Blur Imaging

Experiment-II: Natural Blur Imaging

Experiment-lIl: Whole Slide Imaging in Digital Pathology
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Frequency Response of Natural Images

e Natural images follow a decay response o 1/w?
e w is spatial frequency, v > 1 is energy tuning factor

e Amplitude response of high-frequency is lower than low-frequency

Natural Image Frequency Spectrum Radial Freq. Binning Amplitude Spectrum
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Visual Sensitivity in Human Visual System (HVS)

e HVS analyzes visual inputs in frequency domain
e Energy of all amplitude frequencies are perceives equally in HVS

e HVS introduces a sensitivity response to compensate the
energy-loss of high frequency information

e Neurones in visual cortex automatically tune the frequency
amplitudes to balance out the falloff of high-frequency range!

Natural Image Perception in Human Vision System (HVS)

Response to Natural Scenes Edges

i

Response Magnitude

Log Spatial Frequency

sponse to Blurry Image
Sensitivity of Visual Neurons B! LiAEES

HVS respond
equally to coarse
&fine image
edges?!

Sensitivity

Response Magnitude 2

Spatial_Frequency

Log Spatial Frequency

![Field-OSA1987], [FieldBrady-Elsevier1995], [FieldBrady-Elsevier1997]
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https://www.osapublishing.org/josaa/abstract.cfm?URI=josaa-4-12-2379
https://www.sciencedirect.com/science/article/pii/004269899400172I
https://www.sciencedirect.com/science/article/pii/S0042698997001818

Modelling HVS as a Linear Operator

e Visual sensitivity response boosts high frequencies to balance out
wide spectrum of input visuals

Model HVS as a linear convolution process

I~ Ilnput * hHVS

@ I - Output image signal perceived by human visual cortex
@ Ilinput - Input image signal
©® huvs - Convolution filter emulating visual sensitivity response

Goal: synthesize a convolution filter hyys(z) to boost
high-frequency amplitudes such that

htalioff(2) * huvs(x) = d(x)

htanoff(z) simulates falloff frequency of input image |f2D(wr)]

What is the main merit? If all frequencies are balanced, the
features corresponding to different edge types can be visually
compared in a meaningful way
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Design of HVS Convolution Filter

e HVS filter response should satisfy ﬁHvs(w) = Bfa||off(w)_1

Define HVS as a linear combination of even-derivative operators
ths(SU) = Cld2($) + 62d4($) +...+ CNdQN(SU)

where do, (z) = d?" /dz*"
e Fourier transform of even derivatives is F{da,(z)} = (jw)*"

So, Fourier transform of HVS filter gives

N

hHVS Z CndQn - Z(_l)nanQn

n=1

Unknown coefficients ¢,, are inferred by fitting the model into the
inverse falloff response

N

Z( 1)"cpw®™ = hgalioff(w)

n=1

-1
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Numerical Approximation via MaxPol Convolution Kernels

e HVS attenuates frequencies close to Nyquist band
e Once coefficients ¢, are obtained, we design lowpass filter

hvs () = nzl( DPcrnw??, 0<w < we

0, w > we

e w, is cutoff frequency and is tuned for optimum performance

e MaxPol? library is used for numerical implementation of lowpass
derivative filters w?"
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2[MaxPol Package] [HosseiniPlataniotis-IEEE2017] [HosseiniPlataniotis-SIAM2017]
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https://www.mathworks.com/matlabcentral/fileexchange/63294-maxpol-smoothing-and-differentiation-package
https://ieeexplore.ieee.org/abstract/document/7944698/
https://epubs.siam.org/doi/abs/10.1137/17M1118452

Natural Image Frequency Falloff Modeling

The falloff frequency ﬁfa||off(w) is related to imaging application

Human Visual System (HVS)
Falloff Model

Visual Blur

Natural Image Scenery Perception

Imaging Application e.g
camera, microscopy, etc

o 3

Computational Modeling AV
-

Quantitative
Blur Perception

Synthetic Imaging Blur [HosseiniPlataniotis-1CIP2018]

e hgaoff(z) = 1/wP, blur is dominant in p € {1, 3}

Natural Imaging Blur [HosseiniPlataniotis-arXive2018]

e Using generalized Gaussian (GG) as a frequency falloff distribution
o hfanoff(z) = cexp—|%\ﬁ, Scale « = 1.7, Shape 5 = 1.4

Microscopic Out-of-Focus Blur [HosseiniPlataniotis-2018]

e Encode out-of-focus blur in digital microscopy
g NA
O hfalloff(x) = ‘C fol Jo(k%xp)efélkp%(T)Q

2
pdp
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https://ieeexplore.ieee.org/abstract/document/8451488/
https://arxiv.org/abs/1808.00617

No-Reference Sharpness Metric Development

Images can now be convolved with HVS filter to identify balanced
features for NR-FQA metric development

Algorithm for Sharpness Scoring

@ Exclude background pixels

@ Decompose image using HVS filter

Fp =1I+huys, Fy=1Ix%hnys”
© Activate features by Relu

R(z) = max(z,0)
@ Construct sparse feature map in £1 /2-norm
Muvs = [|R(E)[M? + [R(E)]

@ Keep a subset Q of feature pixels

Muys = sorty(Muvs)x, k € Q,
@ Measure the mth central moment

pm =B [(Muvs — po)™]

@ Record the final score

Sharpness Score = — log pm
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Experiment-I: Synthetic Blur Imaging

e Images are synthetically blurred for quality assessment (IQA)
e Images are subjectively evaluated for mean opinion score (MOS)
e Database examples: LIVE, CSIQ, TID2008, and TID2013
e Terms of evaluation
@ Pearson linear correlation coefficient (PLCC)
@® Spearman rank order correlation (SRCC)

& B

MaxPol (ICIP2018) Scatter Plots

Method <&
o Objective vs Subjective Scoring

PLCC | 0.9434 0.9175 0.8555 0.8816

Sa 2012 150 .
SRCC | 0.0436  0.0058  0.8480  0.8600 8 K
0 100 o
cC 9591 .906¢ 85 . g £ 100
MLV 2014 | PLCC [ 0.9590 00069 0.8584  0.8830 3 R 4
SRCC | 0.9566  0.9246  0.8546  0.8785 2 ol 2
T B 50
PLCC | 0.9625 0.7743 0.8803  0.9308 2 £
Kang's CNN 2014 - v 0T 8 8
SRCC | 0.9831 0.8496  0.9215 o
PLCC | 0.9500 0.8544  0.8070 .
ARISM, 2015 24680020 02 04 06 08
¢ SRCC | 0.9561 0.8681  0.9015 Subjective Score Subjecive Score
' 9242 4 3565 4 2[5 R
Gpe 015 | PLCC | 0.9242 0.8684  0.8665 (a) LIVE [5] (b) CSIQ[14]
SRCC | 0.8369 0.8720  0.8668 J— o
SPARISH 2016 | PLCC | 0.9505 0.8900  0.9020 co e
SRCC | 0.9593 0.8836  0.8940 3 8 .
PLCC | 0.9620 0.9280  0.9419 g 2
RISE 2017 | P 62 2 2 £
SRCC | 0.9493 09218 0.9338 S H
3
CC 7 0.937. 122
Yu's ONN 5017 | PLCC [ 0.9730 374 0.9221 0 "
SRCC | 0.9646 0.9180  0.9135 2 4 4 5 ¢ T s 4 &
.CC | 0.9735 09359 0.9412 Subjective Score Subjectve Score
MaxPol (ICIP2018) s | PC ° R
SRCC | 0.9688 0.9481 0.9394 0.9448 (c) TID2008 [15] (d) TID2013 [16]
PLCC | 09877  0.9506 0.8811 0.8977
HVS-MaxPol-1 (aiXiv2018) | 2018 ~
SRCC | 0.9722  0.9209 0.8813 0.8930  Rank ( 1)light-green
PLCC .9789 ).95¢ 6. it —_
HVS-MaxPol-2 (aXiv201s) | 2018 | PLEC | 0978 (9507 08964 0.8050 ) .
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Overall Performance

e Developed metrics based on MaxPol meet both

@ High correlation accuracy
@® Fast speed calculation

CPU time vs image size

mam PLCC vs CPU Time: Synthetic|] PLCC vs CPU Time: Natural
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Experiment-II: FocusPath Natural Blur Database

¢ Out-of-focus is common problem in whole slide imaging (WSI)

e FocusPath® is 864 digital pathology image patches from 9 WSls
e FocusPath images are scanned by Huron TissueScope LE1.2

e 16 Z-stack scans collected from each slide to cover all focus levels

[l Huron

S
enser o —

Objective —» _ e e e -
v ’ v v v 73 -
d a5 o o o
Automated ., N/ T — — - n - - -
Stage — T"’“““"“IE @WZH 0 Z ©Z @OZi ©Z OZ (@
L P — DETAILED INFORMATION ABOUT THE FOCUSPATH DATABASE
Liquid light guide "y = - a ¥ ¥ . »
e e e iR Ee R he e ! Teares Descripiion
Condenser . - o # of Slides
0 Zo () Zio (60 Zus () Zia (m) Zua (1) Zua () Zis () Za # of Strips 2
# of Positions 3
# of Slices(Z-Stack) 16
Image Format Aiff
Image Size 1024 x 1024
Side Side2 Shde3 Siide 6 Pixel Resolution 0.25u
Optical Zoom
Color Variation Diverse Gamut
Focus Resolution 1
Background Ratio <50%

3download from https://sites.google.com/view/focuspathuoft/home
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Experiment-II: Natural Blur Imaging

Method

Ss

MLV

Kang’s CNN 2014

e Images are natural blurred for
. ARISMC 2015 | PLCC [ 01841 05523 0.2263 | 02936
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o BlD (586 images) SRCC | 0.4361  0.6080  0.7811 063311

PLCC | 0.3460 0.6775 0.3459 | 0.4275

. SPARISH 2016
9 C| D2013 (474 |mages) SRCC | 0.3413  0.6607 0.3566 | 0.4267
. RISE sorr | PLCC [ 0001707934 0.6509 | 0.6710
9 FocusPath (864 |mages) - SRCC | 0.5839 07690 0.6566 | 0.6621
Yu's CNN 2017 | PHCC - - - -
SRCC B R R
MaxPol (ICIP2018) so1s | PLCC | 0.3235 05674 0.7056 | 0.5552

SRCC | 0.2713  0.5310 0.7191 | 0.5364
PLCC | 0.4112 07741 0.8212 0.6847
SRCC | 0.4363 07081  0.8144 0.6730
PLCC | 0.4659  0.7320  0.8538 0.7059
SRCC | 0.4475 0.6102 0.8574 0.6717

HVS-MaxPol-1 (arXiv2018) | 2018

HVS-MaxPol-2 (arXiv2018) | 2018
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Experiment-llIl: Whole Slide Imaging in Digital Pathology

e Tissue slides in digital microscopy are mapped to obtain best

focus level for scanning
e Sharpness assessment can be used in quality control of WSI scan

e
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»
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Experiment-llIl: Whole Slide Imaging in Digital Pathology

¢ Image patches from different WSI are shown bellow
e Image patches are sorted based on different focus levels (bins)
¢ Notice the robustness of focus levels across different slides

Bin 1 Bin 2 Bin 3 Bin 4 Bin 5 Bin 6 Bin 7 Bin & Bin 0 Bin 10
Tﬂ b, . ' R '
Stide 1 f‘ E - F o O \
| h (”‘ ] ‘ ' s ._,“:;-&:“ b
- Ne | b ~ .
Slide 2 .| ’*A ‘ ik \7 4 e h
—' G | -.
|
St 3 | P e '
- Fal
Slide 4 u ‘ . . ] ‘ g
: ) . .
E ; I . | { .
|
Slide 6 3 * i . .l as J
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Concluding remarks

e We implemented a no-reference image sharpness assessment
based on HVS response design

e We implemented convolutional kernel simulating HVS response

e Visual sensitivity response is modelled by linear combination of
high order derivatives

e Numerical implementation of derivative provided by MaxPol library
e Sharpness quality metric development based on MaxPol is

@ Highly accurate

® High speed calculation with minimum computation complexity
e Diverse imaging applications in

@ Synthetic blur

@® Natural blur

©® Microscopic out-of-focus
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Thank Youl
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