Convolutional nevural networks for artifact free OCT retinal angiography
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Purpose Convolutional neural network (CNN) for OCT anqgiograph Results
.. . . o uality of segmentation

To demonstrate ability of deep convolutional neural network (CNN) to provide Motivation © . 4 —— — - < <
noninvasive visualization of retinal microcapillary network (RMN) with the use of data Convolutional Neural Networks (CNNS) - CNNs trained on voxels labeled by: e L
from a device combining Scanning Laser Ophthalmoscope (SLO) and Spectral Optical 1. are currently the best known machine learners for many problems in pattern recognition, computer 1. Expert 1 (training part) were tested on g EXPERT1  99.99% 99.82% 99.11% 99.93%
Coherence Tomography (SOCT) The approach aIIOWS RMN to be presented In form V|S|On, and beyond, Very We” SU'ted fOI‘ |al’ge VO|UmeS Of tra|n|ng data pI’OVIded by OCT, ) \éoxels Izb(eled EXpeI"[ ;L (teStlng pacrit) CNN EXPERT 2 99.74% 98.92% 94.95% 99.53%
. . : , . : : 2. prove superior for segmenting blood vessels in fundus imaging (best-to-date accuracy (Liskowski & . EXpert 2 (training part) were tested on  cnN 3p EXPERT 1 99.99% 99.86% 99.28% 99.95%
of 3D visualization gs well as |_n forms of anglogra_phlc_maps of different retinal layers Krawiec 2016)). all voxels labeled by Expert 1. T fepme | mn o By o o W
free Of ShadOW artlfaCtS b|url‘lng Standard RMS VISU3|I2atIOnS 3. are an effective tooi N differentiating retinai angiographic Signai from Shadow artifacts_ _ o o CNN sp EXPERT 1 99.97% 99.77% 99.00% 99.89%
Test setis always disjoint from the training  cNNsp  EXPERT2  99.38% 98.40% 93.69% 99.12%
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AUC — area under ROC curve; Acc — accuracy of classification; Sens — sensitivity;
Spec — specificity. For Acc, Sens and Spec, network output thresholded at 0.5.
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L1 L2 L3 Lateral resolution number of required connections. st s 0 s st s 1 7 R e amrmsmsntpor i 1 27 s s
I I i i ; RN 0 e s A L 0 €440 ST L i M AR O €4 S ST PN iy, b e s ) 4 1T S M e e D O £ R
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SLD - superluminescent diode; FC —fiber coupler; L1:L12 —lenses; 100 kHz 6. In 3D network architectures (CNN 3D), RFs and FMs are three-dimensional structures: each RF is a 11x11x11 cube,

PC - polarization controller; NDF - neutral density filter;
DC - dispersion compensation; DM1&2 — dichroic mirrors.

Angio OCT data analysis

Mean complex difference

and each FM is a 3D cube of units, so the 3D input image (a cube of voxels taken from the OCT image) is fed directly
Into network.
7. In 2D architectures (CNN), RFs and FMs are two-dimensional: each RF is a 11x11 square, and the 3D piece of OCT
Image is sliced along the Z axis into 11 2D images, which are fed into individual FMs. Thus, 2D architectures do not
| | perform convolution along the Z axis, while 3D architectures do.
Mean intensity 8. For CNN with structural prediction (CNN SP), networks have 27 output units that predict class for each of the 3 x
3 x 3 voxels centered at the input RF. As the input RF is shifted across the input OCT image, each voxel is
classified 27 times, and the final decision is made via majority voting.
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Normal retinal microcapillary network. Data collected from
32 years old volunteer. Field of view 1.5mm x 1.5mm.
240Ascans x 240Bscans x 400 pixels (~23 milion voxels).
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Nmnn Positive (red — vessel) and negative (blue — not a vessel)
SUELEEELEL ate example voxels were labeled by two experts:

21l . ¥ 1. Expert 1: 51 063 positive and 358 699 negative examples

it i [ i st 2. Expert 2: 38 909 positive and 144 667 negative examples .
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Conclusions

Our results shows that CNN approach to RMN visualization provides accurate
NI s e s Mt microcaplillary detection and segmentation in 3 dimensions, Incorporating a priori
W Bt e e 8 knowledge of skilled specialists, and allows for increased sensitivity and specificity of
i SOCT Dbased angiography. It also Is able to differentiate between vessels and the
angiographic shadow below the vessels leading to artifact-free Angio-OCT Iimages.
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Patch — 11x11x11 cube surrounding a labeled voxel (1331 voxels)

Training details:

« Central voxel determines class label (vessel, non-vessel)  loss function: cross-entropy, weights initialized with N(O, 1),
* Voxel values standardized « up to 50 epochs (full passes over the training set), nearly 26,000
iterations, total of 13,272,000 examples seen by the network, AC k n OWI ed g e m e n tS
Patches partitioned into training set and test set; * batch of 512 examples are simultaneously processed, This work was supported by National Centre for Research and Development Grant No. PBS1/A9/20/2013 and by
two variants: « stopping condition: validation error stops improving.

the Foundation for Polish Science (grant TEAM TECH/2016-2/13).

« random split: 75% training set, 25% test set, ACH
None of the authors has commercial interest.

« data set labeled by different experts for training and testing sets

Performance:
Training — stochastic gradient descent via backpropagation: « classifying a batch of 512 examples: 250 ms, European E Uni
Normal retinal microcapillary network with tile tracking and rescan mode. Data collected from 29 years old patches forward-propagated through the network, output errors * segmenting whole 3D image: up to 30 min depending on the F dp ‘ ENP ’ Foundation for uropean nion
: : . . . ) L propagated backwards, units’ weights updated (in batches) architecture (not optimized in this research) unds . : European Regional
healthy volunteer. Visual acuity was 20/20 in both eyes. Data overlaid on SLO image. SLO tracking mode: tiles according to delta rule. S Polish Science Development Fund

positioning, rescan.



