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Subhashini Venugopalan, MS; Kasumi Widner, MS; Tom Madams, MEng; Jorge Cuadros, OD, PhD; Ramasamy Kim, OD, DNB;
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What are we going
to talk about today?

The eye (and the retina)

Imaging modalities in ophthalmology
Retinal diseases: AMD, DR, glaucoma
Use cases of machine/deep learning

Concluding remarks



Nearly 70% of all the sensory receptors of the whole body
are in the eyes



Provided by the complex interaction between
the eye and the brain



The eye

2.5cm

* Average diameter in adults



The eye
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The lens focus the light and //’« _—
project it to the retina /
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Retinal
photoreceptors
and nerve fiber

layer

Light enters ‘ Sy -
into the eye through
the cornea and the pupil









What are we going
to talk about today?

Fhe-eye (and-theretina)

Imaging modalities in ophthalmology

Retinal diseases: AMD, DR, glaucoma
Use cases of machine/deep learning

Concluding remarks



Ophthalmic

Imaging
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Requires
microscopy
+ imaging
technique
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Fundus photography

2D photography of the inner surface of the eye
Non-invasive (photograph), fast (seconds), easy and cheap (even with a smartphone!)



Fundus camera

Standard digital

camera
<+

Low power
microscope

Field of view

between
302 and 50°



Fundus photograph

Optic nerve head

) 458

Fovea

Optic nerve head

Blood vessels




Optical Coherence Tomography

3D imaging technique, close-to microscopy resolution
Non-invasive (no ionizing radiation, just light!), fast (seconds), easy, “cheap” (30k €)



OCT scanner

Based on Close to
low coherence microscopy
interferometry resolution




OCT scan

OCT scan (Spectralis)

A-scans N

uess-g

B-scan

/
..-
L]
e
\ T
- 3
- -
\N‘
)

Fundus photograph




OCT scan

OCT scan (Spectralis)
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What are we going
to talk about today?
Fhe-eyefand-theretina)

Retinal diseases: AMD, DR, glaucoma

Use cases of machine/deep learning

Concluding remarks?



/el ‘,‘ World Health
vy Organization

285 million people

suffering from visual disorders

BLINDNESS

39 million people

VISUAL IMPAIRMENT

246 million people




XY, World Health
v Organization

Diabetic retinopathy

Due to the increased prevalence of diabetes

Glaucoma

Difficulties in its early diagnosis

Age-related macular
degeneration

Main cause of visual deficiency in industrialized countries




Diabetic retinopathy (DR)

o s A

Healthy retina Non-proliferative DR Proliferative DR'/ DME




Diabetic retinopathy (DR)

Healthy retina Non-proliferative DR Diabetic Macular Edema




Vascular proliferation

Preretinal hemorrhage

Vitreous hemorrhage

Retinal detachment

!
Blindness
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Capillary loss
F Ischemia
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Functional loss
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Diabetic retinopathy
Use cases of machine/deep learning

Qualitative

Urgent cases
feedback 8

Early screening

Segmentation Object detection Segmentation
Blood vessels Red lesions (MA / HE) Blood vessels
Image classification Image classification

Early / mild DR Proliferative DR



Healthy retina Non-proliferative DR Proliferative DR



Proliferative DR

Healthy retina

Similar intensities to red lesions



Neovascularizations



Use cases of machine/deep learning in DR

Blood vessel segmentation

Image | Segmentation y "

g =< e >

image pixels connectivity rule



Use cases of machine/deep learning in DR

Blood vessel segmentation

y* =argmin E(y|/)

yeEL
— ‘ . - l’. ! . . . .
E(y) = E Vo (Yi, Xq) + E Wp (Vi Y, L, fj)
Unary potentials Pairwise potentials
Log-likelihood over the Based on interaction
labels assignment between neighbour pixels
(classifier based on image (according to connectivity

features) rule)



Use cases of machine/deep learning in DR

Blood vessel segmentation

Fully connected Conditional Random Fields (FC-CRFs)
Long range interactions help to better identify thin, elongated structures

Discriminative training based on Structured Output Support Vector Machines (SOSVM)
Structured output learning allows to train FC-CRFs weights for the unary and pairwise potentials

\ L+

Orlando J.I. & Blaschko M. (2014). MICCAI
Orlando J.l. et al. (2017). [EEE TBME




Use cases of machine/deep learning in DR
Blood vessel segmentation

Pairwise potentials improve results both qualitatively and quantitatively

Original image Unary potentials Ground truth

Orlando J.I. & Blaschko M. (2014). MICCAI
Orlando J.I. et al. (2017). IEEE TBME




Use cases of machine/deep learning in DR

Blood vessel segmentation

Pairwise potentials improve results both qualitatively and quantitatively

Unary potentials

Orlando J.I. & Blaschko M. (2014). MICCAI
Orlando J.I. et al. (2017). IEEE TBME



Use cases of machine/deep learning in DR

Blood vessel segmentation

Pairwise potentials improve results both qualitatively and quantitatively

Original image Unary potentials Ground truth

Orlando J.I. & Blaschko M. (2014). MICCAI
Orlando J.I. et al. (2017). IEEE TBME



Use cases of machine/deep learning in DR
Blood vessel segmentation

Pairwise potentials allow to identify vascular segments inside ambiguous regions

Original image Unary potentials

Orlando J.I. & Blaschko M. (2014). MICCAI
Orlando J.I. et al. (2017). IEEE TBME




Earliest signs of DR are subtle and difficult to identify manually

Collecting ground truth data for training DNN is costly and time-consuming




Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Fundus image

Red lesion detection

Convolutional
Neural Network

N-dimensional
feature vector

Candidate
detection

3 Hand-crafted

Random
Forest

63-dimensional

% i s feature extractor

feature vector

DR screening

max p(x'")
T

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed
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Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Block Layers Filter size Output size
conv OXdX3 32
1 maxpool 3 X 3 - stride = 2
dropout p=0.01
9 conv O X o X 32 32
avgpool 3 X 3 - stride = 2 . — - 4
r; p— 5 > 5 < 32 6/1 (1) Now-hesions (ke pesative cuadiciles )
: avgpool 3 x 3 - stride = 2
1 conv 4 x4 x64 128
D fully connected 128 128
§ Lz(W) 128 2
Eg(W) =—p Z log P(y(i)lx(i); W) = (1 = ﬁ) Z log P(?/(i)lx(i); W)) (1) Lisdons (Lrése pokitive candidatis)
i€y, icY

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Feature based
on vessel
segmentations

Intensity based Shape
features features

54_d
63_d

CNN features Hand Crafted features Orlando J.l. et al. (2017).

Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

X Non lesion (false candidate)
© True lesion (true candidate)

— True red lesions
— Vascular structures

Speckles of dirt in the lens
— False lesions in the optic disc Orlando J.l. et al. (_2017).
Comput Methods Programs Biomed




Use cases of machine/deep learning in DR

DR screening based on red lesion detection

DIARETDB1 e-ophtha
(61 fundus images) (381 fundus images)
1 L T T 1 T T
= RF with CNN + hand crafted features - CPM = 0,4874 s REF with CNN + hand crafled leatures - CPM = 0.3683
0.9 || s RF with hand crafted features - CPM = 0.4517 0.9 || s RF with hand crafted features - CPM = 0,3558
s CNN probabilities - CPM = 02756 ~s CNN probabilities - CPM = 0.3057
0B = = Seoud et al, 2016 - CPM = 0.3540 . 08w« Wuetal. 2017 - CPM = 0.2729
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Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR
DR screening based on red lesion detection

Input image Ground truth Prediction

. - Trow posiv
Fales positives
= Falsa rmgativis

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed




Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

MESSIDOR
(1200 fundus images)

DR screening (Ro vs. R1, R2, R3) Need to referral detection (R0, R1 vs. R2, R3)

.
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w CNN probabiities - AUC =0.7812 = CNN probabilities - AUC = 0.8377
D1 F | s RF with hand crafted featuras - AUC = 0.732% 7 01 | == RF with hand crafted featres - AUC = 0.7524
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Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

e-ophtha
(381 fundus images)

DR screening (Ro vs. R1, R2, R3)

g/

02} | [ RF with CNN + hand crafted features - AUC = 0.9031 |-
e RF wiith haind crafted foatures - AUC = 0.8812 1
w CNN probabilities - AUC = 0.8374 I

) 0T 02 O3 04 05 06 OF 08 09 1
1 - Per-image specificity

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Use cases of machine/deep learning in DR

DR screening based on red lesion detection

Screenin Need for referral
Mathed AUC | Se | AUC | Se
Expert A [ITG (.9220 | 0.9450 || 0.9400 | 0.9820
é Expert B [176] (L8650 | 09120 || 0.9200 19764
Autal and Hajdu. 2012 [16] 0.8750 - - -
Costa et el 2016 H—{i (L8700 - - -
Giancardo et al.. 2013 [T0)] (0.8540 - - -
Nandy et al.. 2016 [134] - - (L9210 -
Pires et al., 2015 [161] - - 11,8630 -
Sanchez et al., 2011 [170] O0.X760 | 0.9220 || 0.9100 | 0.9440
Seond et al., 2016 HN]] (DIARETDEBI) (.844 = - -
Vo and Verma, 2016 1205 (1) (.36G20 - 11.8910 -
Vo and Verma. 2016 204 (11) 0.8700 - [.8870
HCF 0.7325 | 0.7645 || 0.7824 | 0.8283
CNN 0.7012 | 0.8471 || 0.8377 0.9102
9 HCF + CNN 0.8932 | 0.0100 || 0.9347 | 0.9721 é

Orlando J.l. et al. (2017).
Comput Methods Programs Biomed



Peripheral Optic disc
neovascularization neovascularization

Proliferative DR



Fractals are geometrical
objects with a basic /
piecewise structure that is
regular at different scales







Fractals are also present in
human body structures!




Use cases of machine/deep learning in DR

Proliferative DR detection

Healthy
subject

PDR

Orlando J.I. et al. (2017). Med Phys



Use cases of machine/deep learning in DR

Proliferative DR detection

. T =]
1.6; T E 1.42‘% = : 1
PDR cases 158 | T ot O =2 What about
on o ‘ < 1387 . "'}_.,f'l o
exhibit 5158 ] [V g ] J| (Y| using these
f ;r! ey | ~ 1387 ‘
larger fractal sl | vsap — features for
dimension o) S Lof o L detecting PDR?
+ 13; ! '
15 ’ 128 |
RO-3 Re RO-3 Ra
(a) Vessel (b) Vessel
segmentations. skeletonizations.

Orlando J.I. et al. (2017). Med Phys



Use cases of machine/deep learning in DR

Proliferative DR detection
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Glaucoma

Known for centuries, still no cure, treatments to hamper its progression
Silent thief of sight, asymptomatic, vision loss is irreversible

Anlenor chamber Trabecular meshwork
Schlemm’s canal
irldocorneal angle
Al Interscleral channels

- \
it \ Episcleral vein
Mﬁ'
Cillary muscle

Suspensory kgaments

The only observable manifestations of the disease is the irreversible damage
in the optic nerve head and the retinal nerve fiber layers



Neuroretinal rim | ' : : Parapapillary ‘ ‘ Retinal nerve
thinning Y . - atrophies (PPA) fiber layer defects




Glaucoma

Use cases of machine/deep learning

Early screening Qualitative feedback

H_J H_/

Feature learning Segmentation
Identify biomarkers Optic disc/cup, RNFL defects, PPA
Image classification Image classification

Healthy / Glaucomatous Healthy / Glaucomatous



Diagnosis glaucoma from fundus pictures is extremely difficult!

Public available data sets are small and have unreliable labels

Orlando J.I. et al. (2017). SIPAIM
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Use cases of machine/deep learning in glaucoma

Glaucoma detection using transfer learning

GlavcomatousNon-glaucomatous labels

- |

Training set
.& - Regularized
s ' @ —’g Pre-learned from | ™| Logistic Regression
+Gmon-Glavel |5, @ , | non-medical data | ..,

15% Q gf Convolutional foature Y Leamed classifier
Test image :6 a z e o

c

e 1P e I e R i
Ginon-G fabel |

|

.......... |
Fundus images l
-medi Learned
s Non-medical data Ehid
|
: ImageNet | Nor-modica
images and labels ;
| dataset ¢ t CNN learning
| -2 Glaucoma Likelihood
|

Orlando J.l. et al. (2017). SIPAIM



Use cases of machine/deep learning in glaucoma

Glaucoma detection using transfer learning

»

Orlando J.l. et al. (2017). SIPAIM



Use cases of machine/deep learning in glaucoma
Glaucoma detection using transfer learning

Best preprocessing methods Overfeat

Cropped FOV, without CLAHE, without vessel
) (A TENCLTS | 0.7212
inpainting, 902 augmentation

PPA, without CLAHE, with vessels inpainted,
without data augmentation

0.7180 0.6655

Chakrabarty A. and Sivaswamy J. (2016). ISBI. AUC =0.78

Orlando J.l. et al. (2017). SIPAIM



X

Retinal Fundus Claucoma
Challenge

1200 fundus pictures with (reliable) glaucoma annotations
Glaucomatous/Non-glaucomatous, optic disc/cup segmentations, fovea position

Orlando et al. 2019. Unpublished results.



Use cases of machine/deep learning in glaucoma

REFUGE challenge

Non
Glaucomatous

Glaucoma
classification

Glaucomatous

Optic disc/cup

: Fovea detection
segmentation

Orlando et al. 2019. Unpublished results.



Use cases of machine/deep learning in glaucoma

REFUGE challenge

——=VRT - AUC=0.88854

ad
& = SDSAIRC - AUC=0.98167
== CUHKMED - AUC=0.96437
0.4 — NKSG - AUC=0.95872
we Mammoth - AUC=0.95552
0.3 Masker - AUC=0 95243 d

—— SMILEDeepDR - AUC=0.95076
~=BUCT - AUC=0.93479

0.2 —— Winter - AUC=0.93274 1
- NightOwl - AUC=0.9101
0.1 —— Cvblab - AUC=0.88063 -

—— AIML - AUC=0.84583

0 L 4 ' 1 i 1 L
0 0.1 02 03 0.4 05 06 07 08 09 1

FPR

Orlando et al. 2019. Unpublished results.



Use cases of machine/deep learning in glaucoma

REFUGE challenge
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Orlando et al. 2019. Unpublished results.



Most common cause of blindness in people over 65 years in developed countries

Degeneration of photoreceptors, retinal pigment epithelium (RPE) and choriocapillaris

- -

Fovea

N —. S

al

Exudative / neovascular AMD
(Choroidal neovascularization,
fluid accumulation)

33

Normal retina Early/intermediate
AMD

(Drusen accumulation,
Degenerative changes in RPE, photoreceptors
and choriocapillaris) Geographic atrophy
(Dry AMD, RPE/photoreceptor death)




Age-related macular degeneration (AMD)

Early screening Qualitative feedback

%—/

Drusen, exudates, photoreceptors, GA

AMD grading



Photoreceptor segmentation in OCT scans

Challenging task How to solve

with high inter- region
and intra- ambiguities
and/or hel
ObfjerY?r Ellipsoid zone o | 5 / d ?p
variability (1S/0S) Interdigitation readers?
zone (I1Z)

o %‘g‘e{s of Manual segmentation —
photoreceptors Disrupted area | |
Bands in the photoreceptors layer [

Neighboring layers [Jj




Photoreceptor segmentation in OCT scans

Epistemic Uncertainty estimation

Bayesian SegNet: Model Uncertainty in Deep Convolutional Encoder-Decoder Architectures for Scene
Understanding

What Uncertainties Do We Need in Bayesian Deep Learning for Computer Vision?

Alex Kendall, Yarin Ga

B

(Submitted on 15 Mar 2017 (vl), last revised 5 Oct 2017 (this version, vZ))

Monte Carlo sampling with dropout on during test time allows to capture

BETTER RESULTS + MODEL UNCERTAINTY

Orlando et al. 2019. Submitted to ISBI




Use cases of machine/deep learning in AMD

Uncertainty U-Net, Monte Carlo sampling with dropout on during test time
Leaky RelLUs + Batch Norm + Dropout

-

smmlmy 2 % 2% 2
Input 42 s IR B = ¥ Output
B-scan ] d 35 = ’g . Score ma
512 x 496 e 3 b3 e o ; f 512 x 49
e % N0 ¥ g
~ w

1024
512

512
256

256
128

l““’“"""‘m Im'""" WSy T -038“ P hection

Orlando et al. 2019. Submitted to ISBI




Use cases of machine/deep learning in AMD

(a) Dice= 0.9196,% = 6.7 x 10~* (b) Dice= 0.5888, & = 13 x 10~* Orlando et al. 2019, Submitted to ISBI



Use cases of machine/deep learning in AMD

Orlando et al. 2019. Submitted to ISBI



Use cases of machine/deep learning in AMD

L b —o—BU-Net
>--0—9 0.9 ~8— U2-Net
08
S 095 g2 ¢ 5
< <
0.7
0.94 @
-—BU-Net Q_GT
-0 U2-Net
093 ' | s -
1510 20 50 15§10 20 50
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Use cases of machine/deep learning in AMD

(a) Dice= 0.9196, % = 6.7x 10~ * (b) Dice= 0.5888, 1 = 13 x 104

Test set A
AMD (early, CNV), DME, RVO
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Net [16]

Test set B
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What are we going
to talk about today?
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Concluding remarks




Telemedicine in ophthalmology
Screening / grading / qualitative feedback
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Current & future applications

De Fau et al. 2018. Nature Medicine



Telemedicine in ophthalmology
Screening / grading / qualitative feedback

Current & future applications
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Personalized medicine
Longitudinal imaging / guidance of therapy
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Better planning of anti VEGF therapy

Vogl et al. 2017. [EEE TMI



Data-driven clinical research

Discovery of novel biomarkers for retinal diseases

Preprocessing Hemodynamic characterization
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Features : :

Fixed length
"""""""""""""""" E feature vector

Fundus image Artery/vein labelling Arterial graph Simulated outcomes

Vessel segmentation Centerline extraction & Hemodynamic simulation with Optional feature
& classification cross-sectional radius estimation  a lumped parameter model representation

Current & future applications

Orlando et al. 2018. MICCAI



Medical questions unsolved

Clinical tasks can be benefited by the incorporation
of machine learning based tools

Data accumulation + curation + (computer assisted)
annotation

Interaction between MD / researchers & computer
scientists




Thanks for your
attention!

Questions?

’ @ignaciorlando




Machine learning for
ophthalmic image analysis
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