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Abstract: Fast and reliable quantification of coméotoreceptors is a bottleneck in the
clinical utilization of adaptive optics scanning light ophthalmoscope (AOSLO) systems for
the study, diagnosis, and prognosis of retinal diseases. To-date, manual grading has been the
sole reliable source of AOSLO quantificatioms no automatic method has been reliably
utilized for cone detection in real-world low-ajity images of diseased retina. We present a
novel deep learning based approach that combines information from both the confocal and
non-confocal split detector AOSLO modalities to detect cones in subjects with
achromatopsia. Our dual-mode deep learningtageroach outperforms the state-of-the-art
automated techniques and is on a par with human grading.
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1. Introduction

The ability to quantify the photoreceptor mosaic geometry is useful for the study, diagnosis,
and prognosis of diseases that affect presteptors such as achromatopsia (ACHM), age-
related macular degeneration, retinitis pigmentosa (RP)/Usher syndrome, Stargardt disease,
choroideremia, and blue-cone monochromacy [1, 2], or for evaluating subclinical
photoreceptor disruption from head trauma [3]. Adaptive optics (AO) ophthalmoscopes reveal
the photoreceptor mosaic in the living human retina [4-12], and have been used to study its
geometry in healthy [4, 13-19] and pathologic [3, 20—26] eyes.



The mos common 6 these AO systems isthe adaptiveoptics scanmg light
ophthalmosope (AOSLO) which is ofen implemengéd with reflecance confoda[5] and,
more recentl, also non-cofocal modalites [27-31]. kflectance cofocal AOSLOrelies on
intact and factional outersegment strucire [32] to rereal the smallgt photoreceprs in the
retina - rodsand foveal ones [16]. N@-confocal AOSLO modaliies have readly been
developed toutilize the multiple-scatteed light notdetected by he confocal bannel to
provide an #ernate soumre of information [27-30]. Plit detector pP9] is one ofthe most
widely usednon-confocalAOSLO detetion configustions, whichreveals the ane inner
segment magc [29].

Quantitatve analysis bthe photoregetor mosaicm AO imagesrequires the lcalization
of each indridual photoreeptor. Unfortinately, evenin normal shbjects with cear ocular
media, therés ambiguity in the identificéion of individual photorecptors in AOSLO images
[29, 33], whth is the all4nportant firststep in the iterpretation 6 these image Manual
identificationof these phatreceptors is ighly subjectie [34] and vey time consming, both
factors sevedy limiting the translation ® photoreceptoimaging intoa practical chical tool.
Several autmated methds have beerdeveloped fordetecting coes in ophtAlmic AO
images [33,35—48]. However, most ofthese have rtobeen testesn truly repesentative
images of dieased eyesrchave showrcomparativef poor perfomance [33, 48] Typical
images frondiseased eyesften exhibitsubstantially bwer contrasend signal-toroise ratio
than those im healthy sbjects, as wié as diseaselependent feares that migt not be
accounted dr in algoritms designedor trained f@ healthy rethas. Thus, te general
consensus fothe AO resarch commuity can be smmarized as'... today's automated
approachesotidentify cone should be usd with cautia, if at all,..."” [32].

Fig. 1 Dual-mode AGLO cone imagig in ACHM subjects. (a) Split detetor AOSLO ima@
nearthe fovea of am”ACHM subject.(b) Simultaneoust captured confad AOSLO imag
from the same locatio as (a).(c) Split detector AOSID image at 12°rom the fovean
anotter subject with ACHM. (d) Simultaneously captuceconfocal AOSIO image from tie
samelocation as (c)Orange arrows pat to ambiguousdcations in the @it detector imag
(c) that can be seen tiee cones based dhe dark circlesn the confocal imge (d). Scale bars
20 m.



AOSLO imaging is already being used to select candidates for and predict the
effectiveness of gene therapy [32, 49] for conditions such as ACHM, a retinal condition
characterized by a lack of cone function resulting in color blindness, photophobia, nystagmus,
and severely reduced visual acuity [50]. Unfortunately, quantification of cone photoreceptors
in ACHM AOSLO images is especially challengi even for human graders [34]. In confocal
AOSLO images of healthy eyes, cones appearight spots in the iage, whereas in ACHM
they appear as dark spots [51]. As the rappear to waveguide normally, it is sometimes
possible to indirectly infer the presence of a cone when seeing a dark spot circumscribed by a
ring of reflective rods, however this beconmdwllenging in images closer to the central
fovea, where rod numerosity declines. Nomfogal split detector AOSLO imaging reveals
remnant cone inner segment structures in aresdack reflectivity inconfocal AOSLO [29,

52] (Figs. 1(a) and 1(b)), showing potential pvedicting therapeutic outcomes [32, 49], and

thus making automated detection of these cone structures desirable. Even though visualization
of cones is possible with this imaging modalifyere is often uncertainty in identifying cone
locations due to the relatively poor contrast seen in typical imagessubhat shown in Fig.

1(c). It has been recently suggested that combining multiple modalities could improve the
reliability/accuracy/other forane identification [32], and ihas been shown that multiple
AOSLO modalities could improve performance in other image processing tasks such as
mosaicking [53]. As seen in Fig. 1(d), simultaneously captured confocal AOSLO images can
help resolve some ambiguities seen in the matching split detector image, even with cones
lacking intensity in ACHM subjects.

As with other computer vision tasks, automated analyses of AOSLO images with deep
learning convolutional neural networks (CNNSs) that learn features directly from training data
are expected to outperform classic machigrning based techniques. CNNs have been
utilized in numerous ophthalmic image processing applications [46, 54—63]. In our previous
work [46], we developed the first CNN based AOSLO image analysis method for detecting
cones, demonstrating superiority to existing state-of-the-art techniques. Here, we expand on
this work by combining the complimentary confocal and non-confocal AOSLO information
to improve performance in low contrast images of diseased retinas.

The organization of the paper is as follows. We first introduce a novel dual-modality deep
learning AOSLO segmentation paradigm for identification of cones. We then demonstrate
that our method that incorpoest dual-mode information from confocal and split detector
AOSLO images outperforms a comparable deep learning method that only uses a single
AOSLO imaging modality. Finally, we show that the dual-mode deep learning based method
outperforms the state-of-the-art automated techniques and is on a par with human grading.

2. Methods

Our proposed algorithm for identification of cones, shown in Fig. 2, is comprised of a training
and a testing phase. In the training phase, a set of reflectance confocal and split detector
AOSLO image pairs was broken into small patches. A subset of all patches was classified
(labeled) as cone and non-cone, based on manual markings. These labeled patches were used
to train a CNN classifier, which was thetilised to generate probability maps from all
overlapping patches in the images, which in turn allowed optimization of the parameters used
for detecting cones. The trained CNN was then used to detect cones in previously unseen
image pairs without known labels.



Fig. 2. Schertic of the dual-mde CNN AOSIO cone detectionlgorithm.
2.1 Data set

The imagedor our data sewere capture using a prewusly destdbed AOSLO sytem [10,
29], which acquires bothconfocal andsplit detectormodalities sinultaneouslyand with
perfect spatibregistration.For each sulgct, a series oimage sequeses, using a 0° and/or
1.75° field d view, were eptured over aange of ecastricities (from the fovea tdl2° along
the temporabnd superiomeridian). The images in ths data set we strip-registeed using
between 5 ad 69 framesas previouslydescribed [2964], althoudp the numbeiof frames
averaged witin a given gfp of the proessed image auld be anyJuere betweerl and 69.
Within eachsequence paitransformatio for both splitdetector anadonfocal modéties was
identical. lateral scale/sapling for esch subjectwas determiad using axd length
measuremestfrom an IQ Master (Grl Zeiss Medtec Inc., Duilin, California, USA).
Regions of iterest (ROIswere extracteétom these inages and usefibr analysis.
The finaldata set contaed 200 splidetector and @anfocal AOSLO image pairgsize 100
x 100 m? each) from 16 sbjects with ACHM. Therewere an unewenumber of inage pairs
per subjectwith a minimun number of6 and maxinum of 29. Forthree subjectsthe split
detector imges had the gmsite orientatin as the regif the set. Ths, the split diector and
confocal imaes from thes subjects wer horizontallyflipped so thaall images wuld have
the same origation. All image pairs hatheir cones rarked by twomasked manal graders,
DC and SB.Manual grathg was doneprimarily on the split deéctor images,with the
correspondig confocal inages used to ewlve any arbiguous caseOver 9,200 ones were
marked by le first manal grader (DG over the etire data setWe resized lh images
(confocal ad split detecto) using cubicinterpolationso they have aixel size 0f0.5 x 0.5
m (200 x DO pixels perimage) and @djusted the ranual marking to match ths change.
This resizingwas perfornad due to thedrge differenes in pixel siz between irages from
1.0° and 1.75field of viewscans.



































