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We look at the recent application of deep learning (DL) methods in automated fine-grained segmentation of
spectral domain optical coherence tomography (OCT) images of the retina. We describe a new method combining
fully convolutional networks (FCN) with Gaussian Processes for post processing. We report performance com-
parisons between the proposed approach, human clinicians, and other machine learning (ML) such as graph
based approaches. The approach is demonstrated on an OCT dataset consisting of mild non-proliferative diabetic

retinopathy from the University of Miami. The method is shown to have performance on par with humans, also
compares favorably with the other ML methods, and appears to have as small or smaller mean unsigned error
(equal to 1.06), versus errors ranging from 1.17 to 1.81 for other methods, and compared with human error of

1.10.

1. Introduction

Optical coherence tomography (OCT) is an important retinal imag-
ing modality as it is a non-invasive, high-resolution imaging technique
capable of capturing micron-scale structure within the human retina.

The advent of OCT has transformed ophthalmology and neurology.
In ophthalmology, OCT is currently instrumental in the diagnosis,
prognostication and treatment management of diabetic retinopathy
(DR) and age-related macular degeneration (AMD). This has had far-
reaching impact, as diabetic retinopathy is the leading cause of blind-
ness in the developed world among the working-age population [1],
while age-related macular degeneration is the leading cause of central
vision loss throughout North America [2] and other developed countries
in patients aged 50 and over. In terms of embryonic development, the
retina is part of the central nervous system (CNS) and is organized into
different layers (Fig. 1). In neurology, detailed cross-sectional imaging
of the retina by OCT has provided neurologists with new biomarkers, as
it has been shown that retinal thinning, in particular thinning of the
retinal nerve fiber layer (RNFL), is associated with various neurological
disorders such as stroke, Parkinson’s disease and Alzheimer’s disease
[3]. Different ophthalmic and neurological diseases affect different
layers of the retina in various forms. For example, diabetic macular
edema (DME) typically leads to fluid accumulation within the retina;
neovascular AMD is usually characterized by fluid underneath the

retina; multiple sclerosis can be associated with alteration of the RNFL
thickness. These various pathologies and their resulting effects on the
retina highlight the importance of the ability to accurately analyze
retinal structure in retinal OCT and in particular the importance of ac-
curate OCT segmentation. Manual segmentation is labor and time
intensive. Therefore, automatic, reliable, accurate OCT segmentation is
crucial for further expanding the usefulness of the OCT technology.

Work in machine learning, medical image analysis and specifically
automated retinal image analysis (ARIA) has steadily progressed in the
past two decades, as datasets have become more plentiful, and machine
vision and machine learning techniques have improved as well (e.g.,
Refs. [4-11]). This progress has also benefited automatic OCT segmen-
tation. A substantial body of work in automated segmentation of med-
ical images and OCT segmentation in particular has been directed
towards the use of statistical and graph based methods [12-21]. In a
recent study [22], a 7 layer OCT segmentation using kernel regression
(KR)-based classification was developed to analyze diabetic macular
edema (DME) as well as OCT layer boundaries. This method was then
combined with an approach using graph theory and dynamic pro-
gramming (GTDP) and validated on 110 B-scans from ten patients with
severe DME, yielding a DICE coefficient of 0.78.

Work in deep learning has had a substantial impact in medical im-
aging [10,23,24] in general and ARIA in particular, including studies
that have demonstrated automated detection of patients with referable
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Fig. 1. Example annotations from the dataset of [13]. The yellow lines depict
the AURA surface estimate; note the estimate does not span the entire image.
Consequently, comparison with AURA must be limited to the regions where
estimates are available. Magenta lines denote the estimates generated by
human observer #1 which are used as ground truth in this study.

age related macular degeneration from fundus images [25,26], AMD
fine grained severity classification [23,27-29], detection of DR [30],
and the estimation of cardiovascular risks factors from retinal fundus
imagery [31] or AMD in retinal OCT [32].

For OCT segmentation, some recent studies have featured the use of
convolutional neural networks (ConvNets) and fully connected net-
works: [33] used ConvNets and a U-Net architecture to delineate mac-
ular edema and obtained DICE of 0.91 with performance on par with
humans. Another recent study [34] used a cascaded U-Net architecture
[35] and compared performance to that of a classical approach based on
random forests, and [36] used hybrid ConvNets and graph based method
to identify OCT boundary layers. Recent efforts at the University of
Miami [13] led to the development of a publicly available OCT dataset
with clinical gold standards for comparing performance among
methods, including a number of OCT segmentation algorithms of record.
Additionally [37], used a contracting convolutional network (encoder)
to learn a hierarchy of contextual features, which was combined with an
expansive convolutional network (decoder) for semantic segmentation
of OCT, and obtained good performance results when compared to other
FCNs using a dataset that included patients with edema. In Ref. [38], a
diluted residual U-Net like architecture was used to segment optical
nerve head on OCT with good results. For additional reviews of the state
of the practice for OCT segmentation, see Refs. [20,21]. More discus-
sions of the above studies are further included in the discussion section.

In contrast to the aforementioned methods, the novelty of our OCT
segmentation approach consists of using a fully convolutional network
(FCN) using the DenseNet architecture and a Gaussian process regres-
sion. We do a performance comparison both with classical methods of
record and against human clinicians’ performance. Our proposed
approach performs on par with human clinicians and also compares
favorably against other methods of record. This comparison is done
using the publicly available University of Miami dataset [13]. In
particular, we show that our method exhibits the smallest unsigned
boundary estimation errors. This result is promising for clinical appli-
cations, especially for neurological and retinal disorders that manifest
with retinal layer thinning on OCT. The proposed method and its results
in this publicly available dataset can serve as a benchmark against which
future ML-based OCT segmentation algorithms can be compared. We
demonstrate the improvements and benefits of using Gaussian Pro-
cesses, a post-processing technique which can be used also with other DL
methods and FCNs.
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2. Methods
2.1. Data

For our study we utilize the publicly available University of Miami
OCT dataset [13]. This includes 50 OCT of 10 different patients with
mild, non-proliferative diabetic retinopathy. Each image consists of
768 x 496 pixels with transversal and axial resolutions of 11.11u
m/pixel and 3.86uy m/pixel. These images are from a set of volumetric
data captured by a Spectralis SD-OCT (Heidelberg Engineering GmbH,
Heidelberg, Germany). There are five images available for each patient,
which includes one image of the fovea center, two of the perifovea, and
two of the parafovea. Two expert graders each annotated five retinal
surfaces per image, where a “surface” is defined as the boundary be-
tween a pair of adjacent retinal layers (see Fig. 1). The result is a total of
250 annotated surfaces per grader. The annotated surfaces are
numbered 1,2,4,6 and 11 (following the convention introduced in
Ref. [13]). These surfaces and the associated layers are described in
Table 1. Following the approach in Ref. [13], we use the first grader’s
annotations as ground truth and the second grader’s annotations as a
measure of inter-operator agreement.

2.2. Segmentation approach

Our approach for estimating retinal surfaces consists of two primary
steps. The first solves a per-pixel (or “dense”) classification problem of
associating each pixel in the image with the most likely corresponding
retinal layer. These per-pixel estimates are then post-processed via a
regression procedure which models retinal surfaces as smooth functions.
Note that, while our current experiments involve two-dimensional im-
ages, both steps above extend naturally to three dimensions. Thus, our
approach is extensible to settings where labeled volumetric data is
available.

2.2.1. Semantic Segmentation

Fully convolutional neural networks (FCNs) provide effective and
computationally efficient alternatives to sliding window approaches
[40] for image processing problems where per-pixel labeling is desired.
FCNs are a subcategory of ConvNets that take tensor-like data as input
and produce class estimates having the same spatial dimensions (i.e.
per-pixel or per-voxel labels). For this application we elected to use the
FCN version of DenseNet [39,41] (Fig. 2). DenseNets are characterized
by an extensive use of “skip connections” which permit each layer of the
network to directly process the outputs from all previous layers (see
Fig. 2). This construction makes richer sets of features available at each
layer of the network while also providing a mechanism to alleviate the
vanishing gradient problem which can arise during training. This is in
contrast to more traditional networks which generate features in a
strictly serial fashion (i.e. each layer operates solely upon the output of
the previous layer). Other earlier FCN architectures, such as U-Nets
[35], also directly propagate a subset of features maps; however these
intra-layer connections are less abundant relative to the DenseNet
architecture.

For our experiments we adopted the 103 layer DenseNet-FCN ar-
chitecture described in Ref. [39]; in particular, we used the
publicly-available Keras implementation of [42]. We wused the

Table 1
Annotated surfaces provided by dataset in Ref. [13].

Surface ID Upper Layer Lower Layer

1 Pre-retinal space Nerve fiber layer

2 Nerve fiber layer Ganglion cell layer

4 Inner plexiform layer Inner nuclear layer

6 Outer plexiform layer Henle’s Fiber layer and Outer nuclear layer
11 Bruch’s complex Choriocapillaris
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Fig. 2. Simplified depiction of network architecture for the fully convolutional version of DenseNet, summarized in Ref. [39].

fundamental architecture of this network and our modifications con-
sisted in adjustments to the loss function and the synthetic data
augmentation methodology described below. During training, we
minimized the pixel-wise cross entropy loss using the Adam [43] opti-
mizer, with a learning rate of 1e — 3. Due to memory constraints, each
input training example was taken as a vertical slice of 256 x 512 pixels
that had been randomly cropped from the original image. These input
slices were then fed in small mini-batches of cardinality 2 (again, due to
memory considerations). In addition to random cropping, input batches
were further augmented with horizontal flipping, image blurring, image
sharpening, and brightness adjustments.

Variations in thickness of retinal layers introduces a non-trivial
amount of class imbalance (as there are fewer pixels inside some of
the thinner, inner retinal layers). To mitigate the impact of this class
imbalance in training we increased the weight in the loss penalty for the
pixels associated with minority classes by a factor of 10 (roughly cor-
responding to the level of class imbalance). The model was trained for
500 epochs and model weights were saved whenever performance on
the validation set improved. Training the model took roughly 24 h on an
NVIDIA Titan X GPU and inference time on our test set was only a few
hundred milliseconds, whereas the processing time of algorithms re-
ported on in Ref. [13] can range from 28 to 152s.

During training, we used a K-fold cross validation (K = 10) process
where we used nine sets of five images (resulting in a total of 45 images)
from nine patients for training a FCN, and testing was done on the
remaining test patient’s five images (in essence, a “leave-one-patient-
out” procedure). Then the patient used for testing was rotated as is done
in conventional K-fold testing approaches, resulting in testing performed
on all images. Of the nine patients available for training in a given fold,
one patient was reserved as a validation set. This stratification allowed
us to train the network on representative data while ensuring that the
segmented images for a given patient were not a by-product of training
on that patient’s images. A few of the images contain regions that consist
of all zero pixels; these regions were not used during training (although
they were evaluated at test time).

2.2.2. Post-processing via Gaussian Processes

With per-pixel estimates in hand, one might attempt to directly
extract surfaces from the layer estimates (e.g. by identifying locations
where class estimates change along the axial dimension). However,
surfaces are defined as a unique location in the axial dimension where
the layer estimates change and the raw semantic segmentation outputs

do not necessarily satisfy this constraint. A potential problem with this
direct DL approach using solely DenseNets is that errors in individual
pixel estimates can introduce missing or spurious class transitions. This
is exemplified in the right panel of Fig. 3 which shows a few small re-
gions indicated by arrows where monotonicity of class estimates is
violated or some other undesirable artifacts appear. In this case, the
cluster of bright spots towards the top of the image in the left panel has
produced a spurious region of estimates. Local heuristics can be used to
address such issues; e.g. using statistical methods to resolve duplicate or
missing surface estimates.

We explored one heuristic which addresses both spurious and
missing estimates. If the classification procedure generates more than
one candidate for a layer at a given location, the point which is nearest in
Euclidean distance to the prior surface is used (in the case of surface 1,
distance to surface 2 is used as the adjudication method). Alternately, if
a layer estimate is missing for any given location, an estimate is imputed
from the nearest available value for that layer. This particular heuristic
coupled with the DenseNet FCN segmentation constitutes a baseline
algorithm which we term “SEG™.

As hand-crafted heuristics such as described above may be consid-
ered somewhat ad-hoc, an alternative to making arbitrary local repairs is
to explicitly use prior knowledge that retinal surfaces (in two-
dimensional images) can be modeled as scalar-valued functions with
an appropriate level of smoothness. This suggests the use of a post-
processing procedure that solves a suitable regression problem for
each surface. Depending upon the regression procedure, this notion then
extends naturally to higher dimensions as well (e.g. for settings where
volumetric data is available).

In this study, we employed Gaussian processes (GP) regression with a
Radial Basis Function (RBF) kernel [44]. The RBF kernel has two
hyper-parameters, a noise variance and a characteristic length scale; we
selected both using a leave-one-patient-out cross-validation procedure
analogous to what was done when training the CNN. We used the GPy
software library [45] to implement the regression and optimized the
hyperparameters by random search via candidate hyper-parameters
drawn by uniform random sampling from a 2D hypercube. In this
study, we observed that using a single kernel for each patient/region
pair produced adequate results; however, in settings where there is
substantial non-stationarity in the behavior of a patient/region further
partitioning methodologies may be of value (e.g. Ref. [46]). The GP is
characterized by the combination of a mean and a covariance function;
the mean function was used as our best estimate for the corresponding
surface while the covariance provides some measure of the confidence of



M. Pekala et al.

Computers in Biology and Medicine 114 (2019) 103445

Fig. 3. Example segmentation; original image (left); neural network segmentation output, before post-processing (right). White arrows denote challenging regions

where semantic segmentation layer estimates exhibit non-ideal behavior.

the estimate. While these estimates are all 1D functions, we note that
GPs extend directly to higher dimensions.

Other post-processing approaches are of course possible; using GPs
provides an interesting alternative in that the built-in confidence mea-
sure may provide some additional diagnostic value. This could be
especially compelling in settings where images are less uniform in
quality or surfaces are more structurally diverse. We term this combined
FCN and GP approach “SEG + REG”.

2.3. Comparison with other approaches

In addition to OCT images and ground truth, the publicly available
University of Miami OCT dataset [13] also includes annotations gener-
ated by five commonly used OCT segmentation software packages
and/or  algorithms  of record. These reference  algo-
rithms/implementations are: Spectralis 6.0 [16], IOWA Reference Al-
gorithm [17], AUtomated retinal analysis tools (AURA) [18], Dufour’s
(Bern) algorithm [19], and OCTRIMA3D [20]. We refer the reader to
Ref. [13] for a complete description of these algorithms. Note that the
algorithms of record do not always produce estimates which span the
entire OCT image (e.g., see Fig. 1). For a fair comparison, performance
evaluation is restricted to the subset of each image for which all algo-
rithms produced a valid surface estimate. Note that our algorithm pro-
duces estimates for the entire image.

2.4. Evaluation methods and metrics

As mentioned in sect. 2 we used a K-fold cross validation procedure
to evaluate our algorithm’s performance. Following the approach in
Ref. [13], we measure the accuracy of surface estimates by computing
the per-pixel differences between the estimate and the ground truth
annotations generated by the first manual grader. For a fair comparison,
metrics calculations are limited to the regions for which all automated
algorithms in the dataset had valid estimates. This unfortunately ex-
cludes remote/lateral regions where cut artifacts are more prevalent;
these are operator-induced artifacts where the edge of the scan is
abnormally truncated (a defect which does not affect central retinal
thickness measurements). We used mean unsigned errors and mean
signed errors as performance metrics for both the proposed algorithms
and algorithms of record. For a given surface, the estimate v, and the
corresponding ground truth v, are both vectors (with dimension equal
to the width of the evaluation region, in pixels) and the signed error is
defined to be

€= Vyf = Vesr;
the unsigned error is the absolute value of e; taken component-wise.

3. Results

We report the performance of both the SEG and SEG + REG, as
compared to the performance of other algorithms. Table 2 reports the

mean unsigned errors for each algorithm and surface, and the average
and max values across all testing data. Values in bold font indicate when
an algorithm meets or exceeds human performance (i.e., is within range
of human inter-operator error). The table suggests that in aggregate the
proposed methods match human performance, and perform favorably
when compared to other algorithms of record. These results indicate
good performance of the proposed methods on the layers within the
neurosensory retina (layers 1, 2 and 4) as well as the outer plexiform
layer and Bruch’s complex (6 and 11). Table 3 shows the signed errors
for the corresponding regions, from which it appears that our method
may be slightly overestimating the support of the retinal layers as evi-
denced by a relatively large positive error on surface 1 and a relatively
large negative error on surface 11. Following [13] we also provide the
mean unsigned error broken down by retinal layers and areas within the
macula in Table 4.}

4. Discussion

We present results demonstrating that semantic segmentation using
a fully convolutional network via application of DenseNets together
with post-processing based on GP is a promising approach to address the
problem of fine-grained automated OCT segmentation, a capability with
potential clinical applications, especially in those applications using
OCT measures as biomarkers for neurodegenerative diseases. Although
this was not tested in our study, it may also help in identifying other
clinically important structures (such as drusen) by considering the se-
mantic segmentation component. Our experiments also suggest that the
use of DenseNets alone can be improved by the post-processing of GPs.

When compared to other methods of record used in the University of
Miami study, our results compare well, often resulting in the smallest
mean unsigned errors. Overall, performance is largely comparable with
human annotation. Caution should be exercised when interpreting such
strict comparisons, since the algorithms of record we compared against
were developed and optimized using datasets that may be different from
the University of Miami evaluation dataset in terms of resolution, noise
characteristics, and artifacts.

Recently, several other methods have been reported in the literature
using various deep learning approaches with promising performance as
well. Most of these methods rely on FCNs inspired from U-Nets. The
application of FCNs in RelayNet for example in Ref. [37] was done to
both retinal layers as well as fluid segmentation. That study used an
architecture that is related to U-Nets, with modified pooling and
un-pooling layers and used a loss function including weighted logistic
regression and a DICE overlap. It was evaluated using the Duke OCT

1 Note there is some minor difference between these results and table 5 of
[13] for the algorithms of record which may be attributed to variations in the
extent of the macular region that was evaluated; many of the automated
methods tend to exhibit greater variation towards the edges of the scans and we
evaluate on the largest common intersection across all algorithms.
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Table 2
Mean unsigned error aggregated across all OCT layers. Values in bold indicate when an algorithm meets or exceeds inter-observer (I-O) performance.
SEG SEG + REG Spectralis OCTRIMA AURA IOWA Bern -0
surface 1 1.13 1.11 1.09 0.95 1.35 2.03 1.71 0.87
surface 2 1.14 1.07 1.45 1.18 1.19 1.74 2.77 1.14
surface 4 0.95 0.90 1.92 0.99 1.12 1.79 1.60 1.10
surface 6 1.23 1.18 1.19 1.52 1.54 1.51 1.72 1.29
surface 11 1.06 1.02 0.99 1.20 0.96 1.22 1.24 1.12
mean 1.10 1.06 1.33 1.17 1.23 1.66 1.81 1.10
std 0.10 0.10 0.37 0.23 0.22 0.30 0.57 0.15
min 0.95 0.90 0.99 0.95 0.96 1.22 1.24 0.87
max 1.23 1.18 1.92 1.52 1.54 2.03 2.77 1.29
Table 3
Mean signed error across all OCT layers.
SEG SEG + REG Spectralis OCTRIMA AURA IOWA Bern -0
surface 1 0.90 0.91 -0.82 0.66 1.22 1.99 1.65 0.26
surface 2 —0.12 -0.13 0.76 0.16 0.34 1.47 2.53 0.29
surface 4 0.18 0.18 1.43 0.12 0.41 1.59 1.30 0.29
surface 6 -0.30 -0.29 —-0.51 -0.92 —0.51 0.78 1.13 0.09
surface 11 —0.66 —0.65 —-0.44 —-0.94 —0.58 1.04 0.90 —0.69
Table 4
Mean unsigned error for all retinal layers and macular regions.
SEG SEG + REG Spectralis OCTRIMA AURA IOWA Bern -0
surfacel fovea 1.18 1.14 0.90 0.90 0.90 2.14 1.67 0.85
surfacel parafovea 1.12 1.10 1.14 1.00 1.31 1.98 1.81 0.89
surfacel perifovea 1.12 1.10 1.13 0.92 1.62 2.01 1.62 0.86
surface2 fovea 1.34 1.25 1.39 1.15 1.29 2.42 2.02 1.31
surface2 parafovea 1.03 0.98 0.92 1.03 0.92 1.59 2.45 0.97
surface2 perifovea 1.15 1.09 2.02 1.35 1.42 1.54 3.47 1.22
surface4 fovea 1.10 1.03 1.30 1.12 1.25 1.81 1.44 1.13
surface4 parafovea 0.91 0.88 1.32 0.91 1.02 1.67 1.52 1.08
surface4 perifovea 0.92 0.86 2.82 1.00 1.14 1.89 1.76 1.11
surface6 fovea 1.45 1.38 1.79 2.75 2.58 1.58 1.86 1.50
surface6 parafovea 1.26 1.22 1.10 1.36 1.42 1.50 1.74 1.36
surface6 perifovea 1.08 1.04 0.99 1.08 1.14 1.49 1.62 1.11
surfacell fovea 0.92 0.87 0.81 1.02 0.88 1.08 1.23 1.12
surfacell parafovea 1.07 1.03 0.98 1.19 0.95 1.14 1.16 1.12
surfacell perifovea 1.11 1.07 1.07 1.31 1.02 1.38 1.32 1.11
mean 1.12 1.07 1.31 1.21 1.26 1.68 1.78 1.12
std 0.15 0.14 0.53 0.45 0.43 0.37 0.57 0.18
min 0.91 0.86 0.81 0.90 0.88 1.08 1.16 0.85
max 1.45 1.38 2.82 2.75 2.58 2.42 3.47 1.50

dataset with DME patients. This dataset included 110 annotated SD-OCT
B-scans of 512 x 740 images from 10 patients. The segmentation was
done on 7 layers with an additional class for the fluid labeling. The study
showed improvement over baseline versions of FCNs including U-Nets.
Distances in pixels from ground truth for the methods ranged from 0.16
to 0.34 pixels for different zones in the retina, which compared favor-
ably to the other methods. DICE metrics on leave one out experiments
performed on 8 patients yielded values ranging from 0.77 (for the fluid
segmentation) to 0.99 for several other layers. The study demonstrated
good performance on images that had edema. The method in Ref. [47]
also used a variation on U-net and reported promising results, with a
DICE coefficient of about 0.91 on a large clinical dataset of about 100
patients from the Singapore National Eye Center. That dataset included
image artifacts and pathologies. Another approach using FCN architec-
tures was reported in Ref. [33] and used ConvNets and also a U-Net-like
architecture to delineate macular edema an obtained DICE of 0.91 with
performance on par with humans. When compared to other recent and
prior methods using automated segmentation, which have used either
classical machine learning or FCNs mostly based on U-Nets, the novelty
of our approach is in using FCNs based on DenseNets and in using a
post-processing step based on Gaussian Process regression.

The Gaussian Process-based post-processing can complement other

methods such as those cited earlier. It also comes equipped with an
uncertainty estimate that could prove useful in some settings. For
example, it could be advantageous in situations where we need to pro-
vide a plausible range of uncertainty to process time-varying patterns in
longitudinal clinical data. However, a potential limitation of our post-
processing approach is that, by estimating surfaces independently,
there is no theoretical guarantee that the resulting collections of surfaces
do not intersect. Last, while our study focused on estimating OCT sur-
faces in 2D images, the method can also be extended to 3D volumetric
data (e.g. see Ref. [48]).

While results are promising, there are other future directions along
which this study could evolve moving forward, to address possible
current limitations. Image quality is one such factor, and is an important
factor to consider when assessing performance. The Spectralis SDOCT
we used includes an image averaging function and is able to provide
averaged images based on the scanning protocol selection. The type of
scan used in this study represents a compromise between the time
required to obtain the scan, the field of view included, and the density of
the A- and B-scans. Our dataset was acquired following the standard
clinical protocol used as part of the imaging routine at the clinic, which
is defined using an automated real time averaging (ART) of 5X to
facilitate a timely flow of patients in our imaging clinic and avoid a
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prolonged acquisition time that could be more burdensome for the pa-
tient. When compared with other aforementioned studies (e.g. Ref. [47]
used 48X averaging) our methods used representative images with re-
gard to quality and therefore may be expected to perform equally on
clinical-grade images with similar characteristics with regard to disease
and artifacts. However, more experiments to validate this are needed
and are left for future studies. Future work should also involve the use of
datasets with greater sample size and more variations in severity of
disease. While there are other datasets of greater size and including
more variations and severity (e.g., Ref. [22] has 110 B-scans) in pa-
thologies, the benefit of the dataset used in this study is that it is pres-
ently the only one — known to us — that includes annotations and other
algorithms’ segmentation results. This allows for an apples-to-apples
performance comparison with other widely used ML-based methods.
This dataset also includes annotations from two humans from which
interoperator error can be computed and compared. Finally, we note
that the sample size of 50 image scans is adequate for training FCNs
considering that individual samples for semantic segmentation are
measured in pixels and not in images. This is in line with observations
made in other studies (e.g. U-Net) where similar numbers of training
annotated images were used [35,48]. It also aligns with reports which
discuss the apparent misconception related to the need of a significant
training dataset in semantic segmentation [47], a point which could
appear at first counterintuitive given that it is a well known fact it takes a
much larger number of images in training to perform full image
classification.

While the presence of fluid, such as intraretinal fluid in DME or
subretinal fluid in neovascular AMD, is perhaps the most commonly
encountered pathology on OCT, it is now increasingly recognized that
retinal thinning in the absence of fluid is also an important pathologic
biomarker in ophthalmic and neurologic diseases. For example, struc-
tural OCT changes can be detected in diabetic patients without clinical
diabetic retinopathy and can include: thinning within the retinal nerve
fiber layer (RNFL) [49], inner plexiform layer (IPL) [50], ganglion
cell-inner plexiform layer (GCIPL) [50,51], ganglion cell complex
(RNFL + GCIPL) [52], and photoreceptor layer [53,54]. These studies
sought to determine which retinal layer was selectively thinned in pa-
tients with pre-clinical diabetic retinopathy and arrived at different
conclusions, partly because these studies used different OCT segmen-
tation algorithms and analyses, again highlighting the fact that accurate,
reproducible segmentation algorithms even in the absence of fluid are of
immense clinical and research utility. In sum, future extensions of this
work will involve the analysis on more severe cases, including DME, and
should involve developing and/or testing additional datasets that are
reflective of broader pathologies and permit more comprehensive
comparison with other recent methods. This is especially important
since the space of deep learning-based approaches is growing rapidly.

5. Conclusion

We proposed a novel method for automated segmentation of OCT,
using deep learning, and particularly combining fully convolutional
networks with Gaussian processes. Performance evaluation shows that
DenseNet-based semantic segmentation, when coupled with regression-
based post-processing using GP, can effectively address the automated
OCT segmentation problem in specific contexts. We demonstrate that
the method is on par with human performance and compares favorably
with ML-based segmentation algorithms of record when evaluated on an
OCT dataset developed by the University of Miami. The proposed
method appears to have as small or smaller mean unsigned error (equal
to 1.06), versus errors ranging from 1.17 to 1.81 for other methods, and
versus a human error of 1.10.
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