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to evaluate performance of readers, partitioning the dataset into subsets. Subsets are then

SD-OCT

assigned to complementary readers for annotation with respect to a novel conﬁdence based
annotation protocol. Finally, reader annotations are combined based on their performance
to generate ﬁnal annotations.
Result: The generated benchmark dataset for cyst segmentation comprises 26 SD-OCT scans
with differing cyst qualities, collected from 4 different SD-OCT vendors to cover a wide
variety of data. The dataset is partitioned into three subsets which are annotated by complementary readers based on a conﬁdence based annotation protocol. Experimental results
show annotations of complementary readers are combined efﬁciently with respect to their
performance, generating accurate annotations.
Conclusion: Our results facilitate the process of generating benchmark datasets. Moreover
the generated benchmark data set for cyst segmentation can be used reliably to train and
test machine learning based methods.
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Introduction

In the areas of ophthalmic disease assessment, diagnosis,
and treatment planning, analysis of retinal morphology plays
an important role [1–5]. The analysis of retinal cysts, subretinal ﬂuid, and ﬂuid under the retinal pigment epithelium
holds the key to understanding and treating diseases such as
age-related macular degeneration (AMD) [6–8], diabetic macular edema (DME) [9] (Gerendas, unpublished data, 2014) and
macular edema due to retinal vein occlusion (MEVO) (Waldstein, unpublished data, 2014). Patients are imaged using
spectral-domain optical coherence tomography (SD-OCT), a
non-invasive modality for acquiring high resolution, 3D cross
sectional volumetric images of the retina and the sub-retinal
layers [10,11].
Today, SD-OCT is the most important ancillary test for the
diagnosis of sight threatening diseases [12]. For these reasons,
understanding and measuring the position, size, and composition of cysts is needed, for example. Whereas the delineation
of subretinal ﬂuid can be performed easier, the ability for manual delineation of cysts is limited due to the difﬁculty for
human experts to accurately and reproducibly identify them.
In addition, when the number of cysts in an image is large,
manual identiﬁcation becomes tedious or even impossible,
thus automated systems are preferable.
However, such systems require large volumes of annotated
and variable data for training and testing. Until now, there is
no publically available dataset featuring expertly annotated
and investigated multi-vendor retinal cysts usable as ground
truth for the development of automated or semi-automated
cyst segmentation methods. As a result, it is difﬁcult to compare methods that have been developed in this area. Such
datasets have been created for other purposes in the form of
the DRIVE database of digital retinal images for vessel extraction [13], the REVIEW database for the measurement of retinal
vessel widths [14], and the STARE database [15] for vessel segmentation, and the database for the coronary artery algorithm
evaluation framework [16].
The primary focus of this paper is the development of
a novel intelligent method of reader (deﬁned as all people
who perform manual annotations for cyst delineation) evaluation, task assignment, and data partitioning of retinal SD-OCT
scans based on cyst annotation and the construction of a

benchmark dataset for use in training and testing. The data set
used here features retinal cysts obtained from 4 of the major
SD-OCT scanner vendors, annotated by expert readers at the
Vienna Reading Center (VRC) and a subgroup, specially trained
for cyst annotation from the Christian Doppler Laboratory for
Ophthalmic Image Analysis (OPTIMA) and the evaluation of
said annotations. The cysts in question have been manually
annotated using a proprietary annotation tool developed for
this purpose at OPTIMA. In addition, the reader evaluation and
task assignment system has been designed to be applicable for
other retinal pathologies other than cysts.
Previous methods of (semi-)automated cyst segmentation
[9,17] have primarily used local or private datasets featuring
a limited number of scans and/or only a single vendor. In
addition, annotations of the cysts have been often carried out
by a single non-expert reader without validated reading tools
which may result in subjectivity bias or reproducibility errors.
Our goal to develop a benchmark dataset of cyst annotations in
SD-OCT will allow further development in (semi-)automated
cyst segmentation algorithms with the aid of a fully annotated
and validated dataset as well as the ability to compare developed methods using a single reference standard. For this
purpose, a reader evaluation and task assignment system
have been developed to evaluate the annotations of 3 readers
and 1 expert supervisor on a dataset consisting of 26 SD-OCT
scans from 4 major vendors taken from the VRC and OPTIMA
database of patients suffering from AMD and glaucoma. Evaluation of the resulting annotations is performed, along with
an intense reader evaluation to judge reader performance.
This paper is organized in 4 sections. In Section 2, the
primary method for task assignment, annotation, data evaluation, and reader evaluation is described in detail. In Section
3, results of the annotation process are presented, and summarized and discussed in Section 4.

2.

Methods

In this paper, we propose a general framework for constructing
benchmark datasets for retinal image processing tasks such
as cyst, vessel, and subretinal ﬂuid segmentation as shown in
Fig. 1 and as a result, a benchmark dataset for cyst segmentation is developed. The main contributions of this paper are the
novel data selection, task assignment, and annotation combination

Fig. 1 – Illustration of proposed annotation framework.
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Table 1 – Selected SD-OCT volume scans from different vendors.
SD-OCT scanner vendor
Zeiss Cirrus
Nidek RS-3000
Heidelberg Spectralis
Topcon 3D-OCT-2000

Number of
SD-OCT scans
9
11
3
3

Size (pixel)
1024 × 512 × 200
512 × 475 × 128
496 × 512 × 49
885 × 769 × 256

stages which are explained in detail in the following section.
All readers and supervisors within this study are from a wellcontrolled and standardized setting of the Vienna Reading
Center being one of the world leading institutions for retinal
image evaluation.

2
4
4
2

Spatial resolution
(m/pixel)
12
13
12
8

to high pathology presence. In addition, the quality of the
cysts is also important, ranging from structures with high
cyst likelihood to low cyst likelihood, while still identiﬁed as
cysts.

2.2.
2.1.

Depth resolution
(m/pixel)

Annotation protocol

Dataset selection

The VRC and OPTIMA have collected many datasets from different diseases and SD-OCT vendors in different image quality
throughout many clinical studies. For this work, 26 macular
SD-OCT scans, each 6 mm in length and 2 mm in depth, have
been selected from different vendors comprising 9, 3, 3, and 11
scans from Zeiss Cirrus, Nidek RS-3000, Heidelberg Spectralis,
and Topcon 3D-OCT-2000, respectively. The SD-OCT of the
Zeiss Cirrus instrument, for example, has 1024 pixels (2 mm)
in depth and 512 pixels in length (6 mm) and thus has a depth
resolution of 2 m/pixel and spatial resolution of 12 m/pixel.
The size, depth and spatial resolutions of all other SD-OCT
scans are shown in Table 1.
Sample slices of data from different vendors are shown
in Fig. 2. This dataset not only includes SD-OCT volumes
from multiple vendors but also features different levels of cyst
pathology. The dataset has been selected by an expert consortium of ophthalmologists evaluating pathology together with
an expert consortium of medical image specialists to judge
image quality to reﬂect a real world dataset.
Due to the differences in the scanners mentioned previously, retinal scans acquired vary in appearance. As a result,
the appearance of the same pathology can also vary. For the
purposes of performing reader evaluation and task assignment, the system must be trained using scans from all vendors
as a given dataset may feature any combination of vendor
scans.
The 26 SD-OCT scans for development of this benchmark
system have been chosen to include a variety of image qualities, ranging from noisy to clean. In addition, the level of
pathology varies across a similar scale ranging from low

The cyst annotation protocol reduces the level of inter- and
intra-reader variability when readers annotate cyst regions
on SD-OCT images. As a result, the annotations obtained can
be used as a benchmark for training and validation of cyst
segmentation methods. The key stage of cyst annotation is
correct identiﬁcation of the cyst regardless of the location
within the image or the position within any particular retinal
layer. Thus readers are trained to use the following requirements for cyst identiﬁcation:

• General: Cyst regions shall only be marked when the reader
is conﬁdent that the region represents a cyst. Regions with
possible cyst representation with low probability and without conﬁdence shall not be marked within this annotation
protocol.
• Distinction: Cyst regions tend to have visible boundaries and
clear distinction from non-cyst regions.
• Shape: Cysts tend to have a circular/oval shape, however
combinations of nearby cysts may lead to a cystic region
with other shapes.
• Continuity: Cysts are usually present in consecutive B-scans,
therefore readers should check for cyst presence in the following and previous B-scans; the Continuity criteria are
valid for high density scans with density resolution less
than 60 m/pixel and readers should be aware that some
vendors have wider spaced B-scans (low density scans with
density resolution greater than 60 m/pixel) that may affect
the continuity (e.g. Heidelberg Spectralis).
• Data pool: The Reader must use all available imaging planes
(XY, XZ and YZ) to determine if the cyst is true. A cyst

Fig. 2 – Examples of images from each of the 4 scanner vendors from (a) Cirrus, (b) Nidek, (c) Spectralis and (d) Topcon.
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must be visible not only in the plane used in regular clinical
practice (XZ) but also in the other planes (XY or YZ)
• Position: From a clinical perspective, it is highly unlikely to
see a cyst in the retinal layers below the external limiting
membrane (ELM), therefore the reader should evaluate
potential cysts in these regions with more caution; cysts
close to the fovea are more likely to adversely affect vision,
therefore readers are asked to pay more attention to identify
such cysts.
In the event that a cyst with a speculative boundary is
encountered, the reader is asked to annotate the boundary
as carefully and accurately as possible at the inner speculative border using best judgment to infer the boundary. Readers
assign a cyst conﬁdence to annotated regions which numerically quantiﬁes the conﬁdence of a selected region being a cyst
based on the reader’s opinion. The cyst conﬁdence has a range
[1–5] in which 1 and 5 correspond to low and high conﬁdences,
respectively.

2.3.

Task assignment procedure

Task assignment describes a process of assigning clinical data
to a reader for the annotation of a particular pathology. Clinical
studies usually deal with large datasets but limited number of
readers. Data annotation by a single reader is time consuming and biased toward that particular reader. This bias can
be reduced by annotating data with different readers but it
increases the time requirement drastically. For example, if the
average time for cyst annotation on a single B-scan is 15 min,
then for a single 200 B-scan volume it is 50 h. Thus for a simple
study comprised of 20 SD-OCT volumes, this time increases to

1000 h. If a reader works for 40 h a week, it will take more than
6 months to collect annotations – and this does not consider
that a reader will never be able to annotate cysts for 40 h a
week due to concentration problems when annotating for 8 h
consecutively.
A solution to reduce annotation time is to partition data
into smaller subsets and to annotate them with different
readers and then combine the results to generate the ﬁnal
annotation. This solution is simple but there are a few concerns which should be taken into account. Firstly, how can the
data be split into subsets without causing selection bias? Secondly, which reader should annotate which subset to prevent
reader annotation bias?
The proposed task assignment system removes selection
biases toward vendors and pathology at the data evaluation stage by splitting the dataset into subsets comprised of
data from different vendors and different pathology quality.
Moreover, reader annotation bias is removed in the reader
evaluation stage by annotating a given subset of data with
complementary readers, which are combined with respect to
their performance. The overall data and reader evaluation process, as well as the task assignment procedure can be seen in
Fig. 3, where each color represents a similar group of either
data or readers and each distinct hue represents an element
within each range.

2.3.1.

Data evaluation

The dataset is divided into small partitions at the data evaluation stage by applying two level hierarchical clustering as
shown in Fig. 3a. In this example, the SD-OCT volumes of four
different vendors are shown (Fig. 3a) in different colors (light
green, purple, blue, and intense green). Furthermore, three

Fig. 3 – Illustration of task assignment procedure, (a) data evaluation partitions the selected data into small partitions, (b)
reader evaluation ﬁnds the complementary readers, and (c) task assignment assigns subsets of data to complementary
readers for annotation.
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Fig. 4 – 5 Exemplar B-scans from a Heidelberg Spectralis SD-OCT scan.

different color hues represent the pathology quality. Level one
shows how the data is clustered into four vendor partitions.
Each vendor partition is further clustered into three smaller
partitions with respect to pathology quality. Clustering is performed in such a way to minimize/maximize the variability
within/between small partitions. The generated small partitions in the second level indicate data with different pathology
qualities for speciﬁc vendors. Finally, samples are randomly
selected from each small partition at level 2 independently
and combined to build a given data subset. This results in at
least one sample from each of the partitions present in a data
subset even when the probability of being selected is small.
Three generated subsets are shown in Fig. 3c. The number of
selected samples from each small partition at level 2 depends
on the size of the subsets and the proportional size of the small
partition to that of the dataset, thus mimicking the original
dataset on a smaller scale.
The pathology quality of cysts is calculated with the aid
of the readers in this experiment. Three experienced readers
are asked to rank cyst quality in each SD-OCT scan as high,
medium, and low. High pathology quality relate to cysts that
are clearly visible and have high distinction from non-cystic
objects, implying ease of reader annotation. Low pathology
quality of cyst means that the boundaries of the cysts are not
clearly visible and it will be difﬁcult for the reader to identify and annotate these, usually due to low distinction and
high noise. The overall pathology quality of cyst for an SD-OCT
volume is computed as the median of the readers’ ranks.
Thus our dataset of 26 SD-OCT scans is divided into the 4
vendor partitions at the ﬁrst level, followed by division into
smaller partitions with respect to three different degrees of
cyst quality, high, medium, and low. As a result, 12 small partitions are generated at the second level. Three subsets of
data are generated by combining randomly selected (without
replacement) samples from each small partition, comprising
volumes from different vendors with different pathology qualities and therefore remove annotation biases toward vendors
and cyst quality.

To this end, we evaluate reader performance using a cyst
evaluation set: Five B-scans (the slices comprising an OCT volume) from every SD-OCT volume in our dataset are expertly
selected ensuring that the B-scans contain cysts of low to high
quality. This is exempliﬁed in Fig. 4, where 5 B-scans from Heidelberg Spectralis show low cyst quality in Fig. 4a, improving
in cyst quality from left to right culminating in Fig. 4e. This
cyst evaluation set is annotated twice by each reader (and one
expert supervisor) following the annotation protocol deﬁned
in Section 2.2 and with a 1 day cool off between the ﬁrst and
second annotations.

2.3.2.1. Ordinal

conﬁdence to interval conﬁdences. The
assigned cyst conﬁdences are of ordinal data type and
as a result may not feature even intervals, thus making it
impossible to apply any arithmetic operation on said ordinal
data [18,19] or to compute any distance measure. Thus an
ordinal to interval conversion is required, the simplest being
conversion of ordinal data into two groups, yes or no, in
relation to the cost of losing ordinal information [20]. Equal
Distance Scoring (EDS) makes an equal interval assumption
[21], although it is not efﬁcient when ranks are not uniformly distributed [22]. Monotonic random scoring (MRS)
uses random numbers in place of the ordinal scale but may
lead to different intervals from underlying ordinal intervals
[18]. Overall, several complex conversion methods have been
proposed but the perfect ordinal-to-interval conversion is still
controversial [23,24].
The underlying intervals of ordinal cyst conﬁdences for
each reader as well as for the expert supervisor are found
by analyzing correlations between cyst conﬁdences and cyst
distinctions. Cyst distinction indicates how different a cyst
is from its surrounding background and it is inversely proportional to the overlap of intensity histograms of the region
inside and the region in the outer boundary of the cyst. The
distinction of the cyst i is deﬁned as:

Di = 1 −

2.3.2.

Reader evaluation

Annotation of pathologies by a single reader is time consuming and biases the results toward that particular reader,
especially troublesome if the reader fails to identify low conﬁdence cysts, then information is lost. This problem can be
resolved by complementary reader annotation. Complementary readers may not be the most accurate but they must not
suffer from the same negative annotation characteristics, such
as poor annotation of certain types or qualities of cysts. Thus
it is necessary to determine which readers are complementary
to one another as well as how to combine the annotations of
complementary readers.

d


outer boundary

min(Hjinner , Hj

)

(1)

j=1

where Hinner and Houter boundary are normalized intensity histograms of the region inside and the region in the outer
boundary of cyst i. The index j represents histogram bins and
d is the number of bins in the histogram. In our experiment,
outer boundary region is considered as a 15 pixels wide region
around the object that is computed using morphological dilation and subtraction and 25 bins histogram (d = 25) is used to
compute the cyst distinction. The example of inner and outer
boundary regions is shown in Fig. 5b with red and blue colors,
respectively.
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Fig. 5 – Distinction score illustration. (a) B-scan from SD-OCT scan from Heidelberg Spectralis. (b) Two cysts with highlighted
inner and outer boundary regions. (c, d) Histograms of inner regions (red) and outer regions (blue) of cyst 1 and cyst 2. (For
interpretation of the references to color in ﬁgure legend, the reader is referred to the web version of the article.)

The distribution of cyst distinction scores for different cyst
conﬁdences can be computed for readers and expert supervisor using their annotations on the cyst evaluation set. The
subjectivity of readers and supervisor result in different cyst
conﬁdences being assigned particular distinction, this leads
to different distributions of cyst distinction scores by readers
and supervisor for different cyst conﬁdences.
In order for uniform subjectivity, distinction distributions
of readers are linearly transformed with respect to the reference distinction distributions of the supervisor. For given
data X with the mean  and variance  2 , linearly transformed
data X = aX + b have new mean  = a and new variance of

 2 = a2  2 . The parameters acR11 and bRc11 , which linearly transform the distinction distribution of Reader 1 DRc11 (Rc11 ,  2 ) of
conﬁdence c1 to the expert supervisors’ distinction distributions DSc1 (Sc1 ,  2 ) can be estimated as:


aRc11

=

2
,
2

bRc11 = Sc1 − (aRc11 × Rc11 )

(2)

This transformation results in all readers having a similar
subjective quality as the expert supervisor. Thus allowing the
conversion of ordinal to interval conﬁdences and the application of statistical evaluations.

2.3.2.2. Reader evaluation metrics. Computation of reader
reproducibility requires the evaluation set to be annotated
twice by each reader. If A1st and A2nd represent annotated cysts
with transformed conﬁdences in the ﬁrst and second run of
annotations, then the similarity between A1st and A2nd representing reader reproducibility can be computed using the
Sørensen–Dice index [25] as follows:

Reproducibility =

2×

M Ni

M Ni
i=1

A1st A2nd
j=1 (i,j) (i,j)

i=1

2

A1st +
j=1 (i,j)

M Ni
i=1

j=1

A2nd
(i,j)

2

(3)

where A1st
is the conﬁdence of the jth voxel in the ﬁrst anno(i,j)
tation of the ith B-scan. M and Ni are the number of B-scans
and the number of voxels in B-scan i, respectively.
The average of the ﬁrst and second annotations indicates
the ﬁnal annotation result for each reader for the evaluation
set. However, readers will perform with a better reproducibility score when annotating high quality cysts only, therefore
reproducibility alone cannot adequately represent the performance of a reader. Thus reader accuracy can be computed

as the similarity between the ﬁnal reader annotation and the
reference supervisor annotation using Eq. (3).

2.4.

Annotation combination

Finally, upon B-scan annotation by multiple readers, the ﬁnal
annotation can be combined with respect to their accuracy for
different cyst conﬁdences, thus for voxel z the ﬁnal annotation
conﬁdence:

M
comb

A

(vz ) =

j=1

wRj (vz ) × ARj (vz )

M

j=1

wRj (vz )

(4)

where ARj (vz ) indicates the conﬁdence of the zth voxel in the
annotation of the jth reader. wRj (vz ) indicates accuracy of jth
reader in annotating voxel z, and M is maximum number of
readers. Acomb
represents the combined annotations for voxel
ci
z using annotations of M readers. The performance (accuracy) of readers may varies on data with different qualities
or data from different modalities. These reader’s performance
changes are taken in to account in Eq. (4) by weighting the
annotation combination based on reader’s performance however if the dataset is small or data have similar quality then
readers may present similar performance and then weighted
annotation combination by Eq. (4) present similar result as
simple annotation averaging. In our experiment, the performance of readers in evaluated on cyst Evaluation set and then
Eq. (4) is used to combine annotation of different readers.

3.

Results

In our experiments, the performance of three readers was
evaluated and compared with an expert supervisor based on
the cyst evaluation set. The cyst distinction score is leveraged
to quantify subjective difference between readers and expert
supervisor by modeling the underlying intervals of ordinal
cyst conﬁdences for low and high conﬁdence cysts. This is
demonstrated in Fig. 5 showing the original Spectralis OCT
B-scan (Fig. 5a) and two annotated cysts with the inner region
and outer boundary region of the cysts highlighted in red and
blue, respectively (Fig. 5b). Cyst 1 is easily identiﬁed due to
high distinction (0.87) meaning that the histograms of the
inner region (red distribution in Fig. 5c) and outer boundary region (blue distribution in Fig. 5c) have little overlap as
shown in Fig. 5c. Whereas cyst 2 is difﬁcult to identify due to
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Fig. 6 – Distinction distributions of different readers and one expert supervisor for different cyst conﬁdences before and
after transformation. The reference distinction distributions of the expert supervisor are highlighted in yellow. (For
interpretation of the references to color in ﬁgure legend, the reader is referred to the web version of the article.)
low distinction (0.54) (the histogram of the inner region highlighted in red color highly overlapped with the histogram of
the outer boundary region highlighted in blue color as shown
in Fig. 5d).

The distribution of cyst distinction scores for different cyst
conﬁdences is computed for the 3 readers and the expert
supervisor (ﬁrst 4 rows of Fig. 6). As can be seen, the distinction
distributions for low conﬁdence cysts have small distinction

Table 2 – Parameters of distinction distributions.

Reader 1
Reader 2
Reader 3
Supervisor

Conﬁdence 1
(,  2 )

Conﬁdence 2
(,  2 )

Conﬁdence 3
(,  2 )

Conﬁdence 4
(,  2 )

Conﬁdence 5
(,  2 )

(0.28, 0.05)
(0.23, 0.01)
(0.31, 0.04)
(0.37, 0.06)

(0.35, 0.06)
(0.4, 0.09)
(0.38, 0.09)
(0.44, 0.06)

(0.39, 0.08)
(0.46, 0.07)
(0.4, 0.07)
(0.49, 0.08)

(0.41, 0.07)
(0.51, 0.11)
(0.47, 0.09)
(0.54, 0.09)

(0.53, 0.11)
(0.59, 0.12)
(0.55, 0.15)
(0.62, 0.15)
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Fig. 7 – (a) Plot of mean distinction distributions of all readers and the expert supervisor for all cyst conﬁdences. (b)
Conﬁdence intervals for each reader and the expert supervisor. (c) Conﬁdence intervals for each reader and the expert
supervisor with respect to distinction scores. (For interpretation of the references to color near the citation of this ﬁgure, the
reader is referred to the web version of the article.)

scores and fewer samples in comparison to the distinction
distributions of high conﬁdence cysts with high distinction
scores. This is due to the difﬁculty for readers to identify cysts
with low distinction. The distinction distributions, the mean
and variance of the distributions are presented in Table 2.
The mean of the distinction distributions of all readers and
the expert supervisor for different cyst conﬁdences are plotted
in Fig. 7a showing the pattern of distinction scores increasing from cysts with conﬁdence 1–5 (c1 –c5 ). Cyst conﬁdences
feature different intervals for different readers which can be
interpreted as the reader subjectivity. The interval between
cyst conﬁdences (Fig. 7b) can be computed as the difference
between the means of their distinction distributions. Therefore, the cyst conﬁdence interval between cyst conﬁdence 1
and 2 can be computed as |c2 − c1 |, in which c1 and c2 are
means of distinction distribution of cyst conﬁdence 1 and 2,
respectively. The cyst conﬁdence intervals between cyst conﬁdences 1, 2 and 2, 3 and 3, 4 and 4, 5 are shown in Fig. 7b for the
readers and the supervisor. Reader 2 presents the largest cyst
conﬁdence interval |c2 − c1 |, which is greater than the sum
of cyst conﬁdence intervals |c2 − c1 | + |c3 − c2 | of reader 1.
This means that most likely some of the annotated cysts by
reader 1 with conﬁdence 2 are annotated as a cyst with conﬁdence 1 by reader 2. In order to show how different the readers

and the expert supervisor are in terms of subjectivity, the cyst
conﬁdence intervals are plotted with respect to the distinction
scores as shown in Fig. 7c. The comparison of cyst conﬁdence
intervals of reader 1 and the supervisor for cyst conﬁdences 4
and 5 (|c5 − c4 |) indicate how they are subjectively different
in terms of annotating high conﬁdence cysts as shown in red
color in Fig. 7c.
Reader distinction distributions are linearly transformed
with respect to the reference distinction distribution to ensure
that readers and supervisor have an equivalent subjective
quality. The transformation parameters for all readers and
all conﬁdences are estimated using Eq. (2) and shown in
Table 3. The transformed distinction distributions of each
reader can be seen in the last three rows of Fig. 6. The transformed distributions have the same mean and variance as the
reference distributions of the expert supervisor. Once readers and expert supervisor have similar subjectivity, statistical
evaluations are performed by converting ordinal to interval
conﬁdences.
A reader annotation example of a Topcon scan is shown
in Fig. 8. As can be seen, the ﬁrst and second annotations
of Reader 3 differ greater in comparison to Readers 1 and 2.
Reader 2 presented the highest reproducibility score when
their ﬁrst and second annotations are compared.

Table 3 – Transformation parameters for each reader for different conﬁdences.

Reader 1
Reader 2
Reader 3

(ac1 , bc1 )

(ac2 , bc2 )

(ac3 , bc3 )

(ac4 , bc4 )

(ac5 , bc5 )

(1.184, 0.038)
(4.335, −0.627)
(1.464, −0.084)

(0.954, 0.106)
(0.717, 0.153)
(0.708, 0.171)

(0.938, 0.124)
(1.034, 0.014)
(1.106, 0.047)

(1.237, 0.033)
(0.817, 0.123)
(1.042, 0.05)

(1.35, −0.096)
(1.218, −0.098)
(0.976, 0.083)
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Fig. 8 – Exemplar annotations for three readers showing on the left the original B-scan, followed by the ﬁrst and second run
of annotations and the ﬁnal annotation on the right outlined in yellow.

Table 4 – Overall accuracy and accuracy per cyst conﬁdence for each reader1.
Accuracy of readers for cyst conﬁdences

Reader 1
Reader 2
Reader 3

Overall accuracy

1

2

3

4

5

0.42
0.4
0.36

0.78
0.71
0.76

0.87
0.86
0.87

0.85
0.86
0.89

0.83
0.85
0.89

Reader accuracy is presented in Table 4. It can be seen
that overall reader accuracy is similar but accuracy per conﬁdence varies considerably. For conﬁdence 1, reader accuracy
is low due to the difﬁculty in identifying cysts with low distinction. The readers subjectively also believe that they would
not be able to reproduce cysts with conﬁdence 1 themselves.
As expected, accuracy increases with cyst distinction, with
the highest accuracy seen at conﬁdence 4 and 5 by Reader 3
with a value of 0.89 and the highest accuracy for cysts with a
conﬁdence 1 is achieved by Reader 1 with a value of 0.42.
After reader performance evaluation, their annotations are
combined with respect to their accuracy for different cyst
conﬁdences using Eq. (4). The effectiveness of multiple annotations by complementary readers is revealed by comparing
the combined annotations of different readers as shown in
Figs. 9–12. The original B-scan from a Cirrus OCT scan and
its reference annotation by the expert supervisor are shown
in Fig. 9a and e. The annotations of Reader 1–3 are shown

0.82
0.81
0.82

in Fig. 9b–d. Reader 2 failed to annotate the cysts properly as
shown in Fig. 9c while the cysts are successfully annotated by
Readers 1 and 3 (Fig. 9b and d). Due to multiple annotations,
the missing cyst by Reader 2 is detected in combination with
Readers 1 and 3 as shown in Fig. 9f and h.
The conﬁdence based annotation helps readers to identify more cysts even when they are difﬁcult to detect as
shown in Fig. 10. The combined annotations indicate more
low conﬁdence cysts (Fig. 10f–h) in comparison to the reference annotation (Fig. 10e). Further examples from Spectralis
and Nidek scans can be seen in Figs. 11 and 12, respectively.
In all examples, the combined results have high compatibility
with the reference annotations, showing how complementary
readers generate more accurate results.
Fig. 13 presents 1 example scan from each vendor demonstrating the partitioned subsets used to build the benchmark
data set for cyst segmentation, where partition 1 is annotated
by Readers 1 and 2, partition 2 by Readers 2 and 3, and partition

Fig. 9 – Example of combined annotations from a Cirrus scan. (a) Original B-scan, (b–d) annotation of Readers 1–3. (e)
Reference annotation. (f–h) Combined annotations from annotations of Readers 1 and 2, Readers 3 and 1, and Readers 2 and
3, respectively.

102

c o m p u t e r m e t h o d s a n d p r o g r a m s i n b i o m e d i c i n e 1 3 0 ( 2 0 1 6 ) 93–105

Fig. 10 – Example of combined annotations from a Topcon scan. (a) Original B-scan, (b–d) annotation of Readers 1–3. (e)
Reference annotation. (f–h) Combined annotations from annotations of Readers 1 and 2, Readers 3 and 1, and Readers 2 and
3, respectively.

Fig. 11 – Example of combined annotations from a Spectralis scan. (a) Original B-scan, (b–d) annotation of Readers 1–3. (e)
Reference annotation. (f–h) Combined annotations from annotations of Readers 1 and 2, Readers 3 and 1, and Readers 2 and
3, respectively.

3 by Readers 1 and 3. As can be seen, multiple annotations
by two different readers are combined with respect to their
performance on the cyst evaluation set to generate the ﬁnal
annotation (Fig. 13d).

4.

Discussion

Cyst detection is of high clinical relevance because cysts could
be identiﬁed as an imaging biomarker from OCT. It is shown

in earlier studies that cysts are the only prognostic parameter for functional outcome in neovascular age-related macular
degeneration (nAMD) therapy. Ritter et al. [7] have shown from
data of a large multi-center phase III clinical trial of patients
with nAMD (MONTBLANC) that all patients with intraretinal
cysts at baseline have shown a signiﬁcantly lower mean best
corrected visual acuity (BCVA) than patients without cysts
at baseline. This is true for any morphologic combination of
other morphologic changes such as subretinal ﬂuid or pigment epithelial detachment at baseline together with cysts.

Fig. 12 – Example of combined annotations from a Nidek scan. (a) Original B-scan, (b–d) annotation of Readers 1–3. (e)
Reference annotation. (f–h) Combined annotations from annotations of Readers 1 and 2, Readers 3 and 1, and Readers 2 and
3, respectively.
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Fig. 13 – Annotated B-scan from all four vendors from the benchmark dataset. (a) Original B-scans, (b) annotation of Reader
1. (c) Annotation of Reader 2. (d) Combined annotation from annotations of Readers 1 and 2.

No other combination of morphologic changes at baseline had
a functional outcome as bad as cysts [7]. These ﬁndings could
also be seen from other studies on prognostic morphologic
factors for BCVA in nAMD such as the EXCITE study [6] and
the CATT study [26], as well as from the RESTORE study on
patients with diabetic macular edema. Here Gerendas et al.
have shown that not only the appearance of cysts but also the
size of the cysts can affect functional outcome. In particular,
cysts with an overall height of more than 380 m at baseline have shown a signiﬁcantly higher BCVA at baseline and
maintained better BCVA until the end of the study. Patients
with large cysts had the same BCVA gain as patients with
small cysts but the gap between both groups remained stable
(Gerendas BS, IOVS, 2014, ARVO E-Abstract 228). These ﬁndings
are only based on time-domain OCT scans with 6 radial cuts
through the retina where manual evaluation is feasible and
easy to manage. However for SD-OCT with many hundreds
of B-scans to evaluate, other methods to detect these important biomarkers are needed. This requirement has led to
the work presented here of a method to structure manual
annotation and evaluate (semi-)automatic algorithms for cyst
detection.
An important contribution of this work is the proposal of a
benchmark framework for ophthalmic SD-OCT and generating

a conﬁdence based benchmark dataset for cyst segmentation that can be used to reliably evaluate cyst segmentation
methods. The generated benchmark dataset aims to resolve
aforementioned limitations by ﬁrstly incorporating scans
from the 4 major SD-OCT scanner vendors, allowing the inclusion of vendor speciﬁc image variations, thus resulting in a
highly diverse and robust training and testing set. In addition,
scan composition ranges from 5 to 256 B-scans as well as featuring varying image qualities, thus ensuring an accurate “real
world” scan representation.
Conventional retinal image data sets [11,14,16,27,28] are
annotated in a binary fashion which is not ideal for cyst annotation due to the difﬁculty in delineating cysts from non-cysts
due to noise and other imaging artifacts. This may result in low
conﬁdence cysts being missed completely, affecting the performance of machine learning based methods. Our proposed
conﬁdence based annotation protocol tackles this problem by
assigning cyst conﬁdences to segmented cyst regions with
respect to their shape, distinction, continuity, and position.
The conﬁdences let readers identify more cysts even when
they difﬁcult to delineate. Despite conﬁdence based annotation being more time consuming in comparison to binary
annotation, it is necessary and important as it provides a
better understanding of cyst appearance and cyst volume
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which may affect patient vision. Moreover machine learning
methods can learn more from conﬁdence based annotations and it is straightforward to convert them to binary if
required.
The cost of annotation in terms of human resources and
time pushes researchers to use a single reader to annotate a limited number of data, increasing bias toward reader
and data. The proposed benchmark is generated from multiple annotations of complementary readers to remove this
bias. In multiple annotations, if one of readers fails to annotate a particular cyst, the chance still remains to detect
it by another reader’s annotation. Moreover data evaluation processes are applied to split a dataset into subsets of
data mimicking the original dataset, removing annotation
bias toward particular data or vendors and to save annotation time. Finally an intelligent strategy is used to evaluate
reader performance and combine their annotations with
respect to reader performance to generate the ﬁnal annotations. The ﬁnal conﬁdence based cyst annotations from 26
SD-OCT volume scans comprise the presented benchmark
database.
To the best of our knowledge, this is the ﬁrst study which
generates a comprehensive and conﬁdence based benchmark
dataset for the evaluation of (semi-)automatic cyst segmentation algorithms. The benchmark database can be made
publicly available to encourage researchers to develop new
cyst segmentation algorithms. Future work could concentrate
on establishing perceptual measures such as cyst distortion
and cyst detection ratio for validating cyst segmentation
methods. The proposed methods for creating benchmark
datasets for retinal SD-OCT annotation can be used to evaluate cyst segmentation algorithms as well as algorithms
for the detection of subretinal ﬂuid, sub-RPE ﬂuid or any
other segmentable structures on the images. This benchmark
dataset can serve as a dataset of cysts with high speciﬁcity whereas other annotation deﬁnitions might lead to
less conservative ground truth annotations. The exact deﬁnition of what should be segmented must always be made
beforehand and will improve both the quality of the benchmark dataset as well as the quality of any segmentation
algorithm.
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