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Purpose: Development and validation of a fully automated method to detect and quantify macular fluid in
conventional OCT images.

Design: Development of a diagnostic modality.
Participants: The clinical dataset for fluid detection consisted of 1200 OCT volumes of patients with neo-

vascular age-related macular degeneration (AMD, n ¼ 400), diabetic macular edema (DME, n ¼ 400), or retinal
vein occlusion (RVO, n ¼ 400) acquired with Zeiss Cirrus (Carl Zeiss Meditec, Dublin, CA) (n ¼ 600) or Heidelberg
Spectralis (Heidelberg Engineering, Heidelberg, Germany) (n ¼ 600) OCT devices.

Methods: A method based on deep learning to automatically detect and quantify intraretinal cystoid fluid
(IRC) and subretinal fluid (SRF) was developed. The performance of the algorithm in accurately identifying fluid
localization and extent was evaluated against a manual consensus reading of 2 masked reading center graders.

Main Outcome Measures: Performance of a fully automated method to accurately detect, differentiate, and
quantify intraretinal and SRF using area under the receiver operating characteristics curves, precision, and recall.

Results: The newly designed, fully automated diagnostic method based on deep learning achieved optimal
accuracy for the detection and quantification of IRC for all 3 macular pathologies with a mean accuracy (AUC) of 0.94
(range, 0.91e0.97), a mean precision of 0.91, and a mean recall of 0.84. The detection and measurement of SRF were
also highly accurate with an AUC of 0.92 (range, 0.86e0.98), a mean precision of 0.61, and a mean recall of 0.81, with
superior performance in neovascular AMD and RVO compared with DME, which was represented rarely in the
population studied. High linear correlation was confirmed between automated and manual fluid localization and
quantification, yielding an average Pearson’s correlation coefficient of 0.90 for IRC and of 0.96 for SRF.

Conclusions: Deep learning in retinal image analysis achieves excellent accuracy for the differential detec-
tion of retinal fluid types across the most prevalent exudative macular diseases and OCT devices. Furthermore,
quantification of fluid achieves a high level of concordance with manual expert assessment. Fully automated
analysis of retinal OCT images from clinical routine provides a promising horizon in improving accuracy and
reliability of retinal diagnosis for research and clinical practice in ophthalmology. Ophthalmology 2017;-
:1e10 ª 2017 by the American Academy of Ophthalmology. This is an open access article under the CC BY-NC-
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Supplemental material available at www.aaojournal.org.
OCT has profoundly disrupted conventional diagnostic and
therapeutic strategies in clinical management and has led to
paradigmshifts in theunderstandingofmacular disease.Although
OCT has continuously undergone hardware improvements since
its inception,1 significantly lessprogresshasbeenmade in thefield
of softwaremethods to analyze clinical OCT data. The number of
patients with macular disease requiring efficient disease
management based on OCT in clinical practice continues to
increase, similarly to the amount of image data produced by
advanced OCT technology such as swept source. Therefore, the
feasibility of manual OCT assessment in clinical practice has
become largely unrealistic. Likewise, poor reproducibility
between OCT assessors, even in a research setting, also has
ª 2017 by the American Academy of Ophthalmology
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been reported.2 Consequently, automated and reproducible
analysis of clinical OCT data represents an important unmet
need and a promising perspective for clinical practice.
Specifically, there is a clear need to advance automated analysis
beyond a purely anatomic presence/absence detection to an
accurate measurement of markers for disease activity.

The majority of available analysis software tools for OCT is
limited to themeasurement of retinal (layer) thickness, despite the
fact that prior studies demonstrated the limited value of this
biomarker for visual prognosis and disease management.3 In
practice, most physicians use qualitative OCT biomarkers, such
as the presence of intraretinal cystoid fluid (IRC) and subretinal
fluid (SRF), to inform retreatment decisions in individualized
1https://doi.org/10.1016/j.ophtha.2017.10.031
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therapy of macular diseases. These biomarkers are also
sophisticated prognostic factors for visual outcome, with IRC
representing 1 of the most important variables associated with
vision loss and SRF possibly enhancing visual prognosis.4

Prior studies have proposed to detect or quantify macular
fluid in OCT in an automated manner.5 However, they are
limited to only being able to detect fluid presence or
absence without measuring its extent and distribution, by
a lack of differentiation between IRC and SRF, or by
evaluation limited to 1 particular OCT device or disease.

In this study, we present a fully automated artificial intelli-
gence method to detect and quantify IRC and SRF in macular
OCTvolume scans.Wevalidate ourmethodon a large dataset of
eyes presenting with the major relevant exudative macular dis-
eases, that is, neovascular age-related macular degeneration
(AMD), diabetic macular edema (DME), and macular edema
secondary to retinal vein occlusion (RVO), imaged with the
most commonly used OCT devices (Heidelberg Spectralis,
Heidelberg Engineering, Heidelberg, Germany, and Zeiss
Cirrus, Carl Zeiss Meditec, Dublin, CA).
Methods

Image Dataset

This study followed the tenets set forth in the Declaration of Helsinki,
and approval was obtained by the Ethics Committee of the Medical
University of Vienna. A total of 1200 completely anonymized OCT
volume scans of eyes affected by the major diseases typically causing
macular fluid (AMD,DME, and RVO)were extracted from the Vienna
Reading Center database. Furthermore, for each disease we selected
scans by 2 differentOCTdevices (CirrusHD-OCT,Carl ZeissMeditec,
and Spectralis OCT, Heidelberg Engineering), resulting in 6 distinct
groups (disease � device) of OCT scans.

For detection of fluid, we used 1200 anonymized OCT volumes of
patients with neovascular AMD (n¼ 400), DME (n¼ 400), and RVO
(n ¼ 400) acquired with Cirrus (50%) or Spectralis (50%) devices. In
each disease/device group, 50% of the OCT scans showed retinal fluid.

All scans were graded for the presence of IRC and SRF in a quality-
controlled reading center setting by 2 independent readers of the Vienna
Reading Center supervised by experienced retinal specialists. The
grading was performed on full-screen, high-resolution 27-inch monitors
in validated grading software specially designed for the annotation of
these features. In questionable cases, a consensus grading of the readers
and the supervisor was performed. Only scans with a clear consensus
annotation between the readers were taken into the sample. Scans with
primarily low image quality (i.e., scans with sections cut off because of
improper positioning during image acquisition or scans with strong
motion artifacts causing misalignment and blurring of sections) were
excluded. We randomly selected 100 scans with fluid and 100 scans
without fluid per disease/device group from the OCT database, resulting
in a total of 1200 scans.

For evaluation of fluid quantification, datasets with complete
manual annotations of IRC and SRF that were available at the Vienna
Reading Center were randomly selected. For neovascular AMD, we
used a Cirrus dataset of 152 scans as reported previously6 and a
Spectralis dataset consisting of 60 scans. For DME, we used a dataset
of 16 Cirrus scans and a dataset of 16 Spectralis scans. For RVO, we
used a Cirrus dataset of 100 scans and a Spectralis dataset consisting
of 10 scans. The procedure used for manual annotation of macular
fluid has been reported in detail by Waldstein et al.6 Each Cirrus cube
scan consisted of 128 B-scans with a resolution of 512 � 1024
pixels, with the exception of Cirrus RVO data, which consisted of
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200 B-scans with a resolution of 200 � 1024 pixels. All cube scans
acquired on the Spectralis device consisted of 49 B-scans at a
resolution of 512 � 496 pixels. Both machines acquire volumes
covering approximately 6 � 6 � 2 mm3 corresponding to a field of
view of 20� � 20�.

Description of the Automated Method

We developed a software to perform classification among IRC,
SRF, and nonfluid regions for each location (¼ pixel) in the OCT
image by using and further developing semantic segmentation,7 a
method based on convolutional neural networks. Specifically, we
applied deep learning, a state-of-the-art machine learning tech-
nique in the field of artificial intelligence that learns the mapping
from OCT images to pixel-level class labels based on large
amounts of labeled training data. Deep learning models allow one
to learn meaningful abstract data representations. Following the
semantic segmentation approach, the neural network maps an input
image of a specific size to an image of corresponding class labels of
the same size. The proposed neural network comprises 2 pro-
cessing components, an encoder that transforms an input image
into an abstract representation and a decoder that maps the abstract
representation to an image of clinical class labels assigning each
pixel a class such as normal tissue, IRF, or SRF.

The mapping of the encoder from raw images to abstract repre-
sentations (embeddings) was not computed on the basis of pre-
specified mathematic descriptions (handcrafted features), but the
encoder parameters were automatically learned solely on the basis of
annotated data used during training. The data embedding learned was
optimized in such a way that it was optimal for the generation of a
corresponding image of class labels. The mapping of the encoder from
raw images to the data embedding needed to generate the label image,
and the mapping of the decoder from the embedding to a full input
resolution label image were learned simultaneously (end-to-end). The
encoder and the decoder comprised a set of computing blocks (layers),
where the layers of the decoder virtually inversed the operations of the
encoder conditioned by the low-dimensional embedding learned by
the encoder. A simplified overview of the encoder-decoder architec-
ture is shown in Figure 1, and a detailed description of the algorithm
appears in the Appendix (available online at www.aaojournal.org).

The runtime of the computation depended on the resolution of
OCT volumes. For Cirrus scans, the computations took approxi-
mately 70 seconds, whereas for Spectralis scans, computations
took approximately 30 seconds per volume on a TitanX graphical
processing unit (Nvidia, Santa Clara, CA) with NVIDIA Cuda
(version 6.5) and cuDNN library (version 2).8 Python, Theano,9

and the Lasagne library were used to train and evaluate the deep
learning model.10

Experimental Setup

Because of differences in the appearance of Spectralis and Cirrus
scans, we trained separate classifiers for Spectralis and Cirrus
scans. We used 70 pixel-wise annotated OCT scans performing
10-fold cross-validation including 7 scans per split for training and
testing of the model on Spectralis data. We performed 4-fold cross-
validation for training and testing of the model on Cirrus data,
where we had 257 pixel-wise annotated OCT scans and used 64
and 65 scans per split. Both datasets comprised neovascular AMD
and RVO cases. When considerably fewer scans were used to train
the model, results showed that the proposed method also achieved
a similar performance. However, the achievable performance, and
at the same time the applicability for clinical routine, increased
with the number of training volumes. When the model trained on
Cirrus data was used on Spectralis data and vice versa, results on
quantifying IRC or SRF showed that the model trained on Cirrus
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Figure 1. Illustration of the proposed automated method. The approach comprises a convolutional neural network with an encoder-decoder architecture to
identify intraretinal cystoid fluid (IRC) and subretinal fluid (SRF). The encoder maps an OCT image to an abstract representation (embedding). The decoder,
in turn, maps this embedding to a full input resolution label image. The IRC is marked in green, SRF is marked in blue, and nonfluid retinal tissue is marked
in red. Background areas are marked in black.
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data obtained a similar performance when applied on Spectralis
images. However, a model trained on Spectralis data showed loss
of performance when applied on Cirrus data.

Because of differences in class label distributions of DME cases
compared with neovascular AMD or RVO cases, we did not
include DME cases in the dataset for classifier training. Instead, we
used 16 DME cases to adapt the model trained on neovascular
AMD and RVO to the class label distribution of DME cases. We
used separate DME scans for Spectralis and Cirrus models.

In each run of the cross-validation, we extracted a set of pixels,
image patches that show the morphologic context of the pixel, and
the corresponding annotated label (normal, SRF, IRF). This set was
used for training of the neural network. On the test set, we applied
the trained network and compared the resulting pixel-wise labeling
with the expert annotator labels. We performed exhaustive pixel
sampling, resulting in every pixel getting multiple neural-network
class votes. The final label (normal, SRF, IRF) was determined by
majority vote.

Because algorithms often fail with macular fluid, we used only
the ILM and RPE layers, which are mostly robustly segmented.11

The distinction of individual retinal layers, which are indeed
erroneous when pronounced macular fluid is present, is not
required. Thus, we only had to deal with few erroneous cases.
These cases exhibited single positions (columns) within B-scans
where the layer segmentation yielded undefined values
Table 1. Detection o

Fluid Type Measure

Cirrus (Carl Zeiss Meditec, Dublin, CA)

AMD DME RVO

IRC Precision 0.75 0.86 0.97
Recall 0.92 0.90 0.77
AUC 0.93 0.93 0.94
n 64 99 100

SRF Precision 0.93 0.26 0.73
Recall 0.93 0.67 0.81
AUC 0.98 0.90 0.92
n 81 9 54

AMD ¼ age-related macular degeneration; AUC ¼ area under the curve; DME
vein occlusion; SRF ¼ subretinal fluid.
Precision, recall, and AUC of volume-level detection of IRC and SRF evaluate
corresponding receiver operating characteristic (ROC) curve. The “n” values ind
SRF, respectively.
(erroneously denoting layer positions on the outside of the image
plane), which were easily and reliably corrected via interpolation
between valid neighboring values.

The model was trained to predict the correct class label for
every pixel position within the image patch. During testing, we
exhaustively extracted partially overlapping image patches and
used majority voting to obtain single class labels for every pixel of
the retina. This resulted in a dense segmentation of the retinal re-
gion of an OCT scan so that every pixel showing the retina
received 1 class label (IRC, SRF, or healthy retinal tissue).
Statistical Evaluation

We evaluated quantification (pixel-wise labeling of an image) and
detection (determining if a volume contains SRF, IRF, or no fluid).
The evaluation of both the volume-level detection performance and
the pixel-level segmentation accuracy was performed on the basis
of pixel-wise IRC and SRF segmentations by the software and
corresponding ground truth annotations by reading experts. For
volumes on which the model was trained and the quantification
performance was evaluated, we had pixel-wise ground truth an-
notations. In contrast, only volume-level ground truth labels were
available for volumes on which detection performance was
evaluated.
f Fluid Presence

Spectralis (Heidelberg Engineering, Heidelberg, Germany)

AMD DME RVO

0.92 0.99 0.95
0.71 0.89 0.86
0.91 0.97 0.95
65 100 100
0.95 0.67 0.66
0.90 0.55 0.88
0.98 0.87 0.98
69 11 26

¼ diabetic macular edema; IRC ¼ intraretinal cystoid fluid; RVO ¼ retinal

d on neovascular AMD, DME, and RVO cases at the Youden Index of the
icate the number of volumes per disease/machine group containing IRC or
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Figure 2. Receiver operating characteristic (ROC) curves on volume-wise detection performance of intraretinal cystoid fluid (IRC) and subretinal fluid
(SRF). The Youden Index is indicated by the dot. First row: Neovascular age-related macular degeneration (AMD). Second row: Diabetic macular edema
(DME). Bottom row: Retinal vein occlusion (RVO). A, Cirrus data (Carl Zeiss Meditec, Dublin, CA). B, Spectralis data (Heidelberg Engineering,
Heidelberg, Germany). The area under the curve (AUC) as a measure of general performance is specified in parentheses.

Ophthalmology Volume -, Number -, Month 2017
Validation of the Detection of Retinal Fluid

For the binary classification of whether a volume comprises fluid,
we used a threshold over the number of fluid pixels. To evaluate
the overall detection performance, we computed receiver operating
characteristic (ROC) curves by varying the threshold over the
number of fluid pixel segmented by our model.

We evaluated the retinal fluid detection performance on neo-
vascular AMD, DME, and RVO cases on Cirrus and Spectralis
data. For each of these disease/device groups, ROC curves were
computed separately for IRC and SRF. On the basis of the ROC
curves, we computed the area under the curve (AUC). An AUC can
be interpreted as the mean sensitivity value for all possible speci-
ficity values, or equivalently, as the mean specificity value for all
possible sensitivity values (https://analyse-it.com/docs/user-guide/
diagnosticperformance/auc). The possible AUC value ranges from
0.50 (discriminative performance equal to chance) to 1.00 (perfect
discriminative performance).
4

Furthermore, we computed precision and recall of volume-
based detection of IRC and SRF evaluated at the Youden
Index,12 an optimal cutoff point that simultaneously maximizes
sensitivity and specificity of the corresponding ROC curve. Also,
we report the number of volumes containing IRC or SRF.
Validation of Retinal Fluid Quantification

For clinical management, not only the presence of IRC or SRF within
a volume scan but also the amount of fluid and its exact location are of
interest. Thus, we evaluated the pixel-level segmentation performance
of our proposed method. Again, the evaluation of retinal fluid seg-
mentation accuracy was performed independently for IRC and SRF
and evaluated on neovascular AMD, DME, and RVO cases on Cirrus
and Spectralis data. The segmentation performance per disease/device
group was computed as average over volume-wise precision and
recall of pixel-wise segmentations of IRC and SRF. Volumes that did

https://analyse-it.com/docs/user-guide/diagnosticperformance/auc
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Table 2. Quantification of Retinal Fluid

Fluid Type Measure

Cirrus Spectralis

AMD DME RVO AMD DME RVO

IRC Precision 0.71 (0.27) 0.76 (0.15) 0.72 (0.19) 0.78 (0.14) 0.78 (0.09) 0.85 (0.08)
Recall 0.33 (0.22) 0.64 (0.17) 0.62 (0.17) 0.63 (0.13) 0.58 (0.14) 0.79 (0.10)
n 56 16 68 50 16 10

SRF Precision 0.82 (0.18) 0.84 (0.13) 0.87 (0.10) 0.81 (0.25) 0.90 (0.07) 0.89 (0.09)
Recall 0.59 (0.27) 0.70 (0.21) 0.51 (0.30) 0.71 (0.24) 0.67 (0.29) 0.86 (0.11)
n 63 8 8 45 10 10

AMD ¼ age-related macular degeneration; DME ¼ diabetic macular edema; IRC ¼ intraretinal cystoid fluid; RVO ¼ retinal vein occlusion; SRF ¼
subretinal fluid.
Volume-based mean precision and recall over voxel-wise segmentations evaluated separately for IRC and SRF on neovascular AMD, DME, and RVO cases.
The corresponding standard deviations are specified in parentheses.
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not comprise IRC or SRF were not taken into account for the
computation of the specific means for IRC and SRF.

We also evaluated the fluid quantification performance on the
basis of the correlation of volume-wise automated and manual fluid
volume measured as number of fluid pixels per volume. In these
experiments, Pearson’s correlation coefficient and R2 were used as
performance measures.
Results

Fully automated detection and quantification of macular fluid were
possible in all included OCT scans. In the following, we report
results on detection of the presence of intraretinal and SRF, as well
as on full 3-dimensional quantification of fluid.
Detection of Fluid Presence

Both hallmark features of exudative disease activity, IRF and SRF,
were detected with high accuracy in OCT images obtained by the 2
devices, Spectralis and Cirrus, in all 3 diseases, neovascular AMD,
DME, and RVO. Even in DME in which SRF occurred less
frequently and in smaller volumes, the results were found to be
reliable. We evaluated the detection performance on 1200 OCT
scans. Specifically, we used 200 scans per disease/device, that is,
100 scans with fluid and 100 without fluid per group. A summary
of the results for detection of IRC and SRF per disease/device is
provided in Table 1. The computations of performance (i.e., AUC)
and recall were based on the ROC curves shown in Figure 2.
Because precision is a measure of relevance of results and recall
measures the proportion of relevant results, high precision
attributes a classifier to yield accurate results, whereas a high
recall means that the majority of all positive samples are truly
detected.
Quantification of Fluid

Quantitative measurements of IRC and SRF within full OCT
volumes were highly precise and reliable in all observed diseases
and with the use of both devices using the new method. We
computed pixel-wise segmentations of IRC and SRF for full vol-
umes and evaluated the segmentation performance on the basis of
volume-wise precision and recall values. The average volume-wise
precision and recall per disease/device group are provided in
Table 2.
Correlation of Clinical and Automated
Measurements

The comparison with evaluation by expert readers trained for
retinal analyses showed excellent correlation between automated
and manual delineation of fluid features. We correlated the sizes of
segmentations, measured as total number of pixels classified as
IRC or SRF per OCT volume, with sizes of IRC or SRF of cor-
responding ground truth annotations. Correlation plots of the
volume-wise segmented versus true fluid volumes are shown in
Figure 3. Corresponding quantitative results are provided in
Table 3.

Example cases of segmentation results on all evaluated disease/
device groups in conjunction with corresponding raw images and
ground truth annotations are illustrated in Figure 4. Original OCT
images exhibit different classic conditions of fluid pooling in
different layers with often indistinct demarcation in not
preprocessed images explaining the difficulties and controversies
in clinical diagnostics. Expert readers trained in standardized
identification of fluid-related features perform fluid detection and
delineation often superior to clinicians in clinical routine.2 Fully
automated segmentation offered identical precision in detection
and delineation compared with the manual ground truth reading
by experts in all 3 disease entities. Further example cases are
provided as Videos 1e6 (available at www.aaojournal.org)
showing entire OCT volumes.
Discussion

OCT imaging has become the mainstay of retinal diagnosis in
clinical routine and in scientific studies. The management of
the leading exudative macular diseases by vascular endothelial
growth factor (VEGF) inhibition is largely based on the
evaluation of retinal fluid for initial diagnosis and retreatment
indications. However, a reliable and quantitative identification
of fluid-related features is beyond the clinicians’ capacity. We
present a validated artificial intelligence method for a fully
automated detection and quantification of macular fluid (i.e.,
IRC and SRF) in clinical OCT imaging of the 3 most prevalent
retinal diseases, neovascular AMD, DME, and RVO. In terms
of detecting the presence of fluid in routine OCT scans, our
digital method achieved accuracies in the range of the inter-
observer agreement between certified retinal experts reported
in the literature.13 On the basis of extensive validation in 1200
5
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Figure 3. Correlation of automatically segmented versus manually assessed fluid volumes per OCT scan. First row: Neovascular age-related macular
degeneration (AMD). Second row: Diabetic macular edema (DME). Bottom row: Retinal vein occlusion (RVO). A, Cirrus data. B, Spectralis data.
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eyes with a broad range of exudative macular diseases and
including Cirrus and Spectralis instruments, we believe that
the presented method has reached a level of accuracy and
reproducibility that may be acceptable for a wide application
in clinical practice. Furthermore, we demonstrated that the
proposed approach reliably and accurately quantifies fluid-
filled regions and is capable of clearly distinguishing be-
tween IRC and SRF. Our method uses state-of-the-art artificial
intelligence technology to solve the practical task of active
fluid detection and quantification.

The presence of macular fluid represents the most
important diagnostic retreatment criterion in the manage-
ment of patients with exudative macular disease, and the
evaluation of the fluid status on OCT has become a routine
daily task not only for retina specialists but also for oph-
thalmologists in practice globally. On the basis of standard
imaging, a reliable evaluation of leakage activity is often
controversial, which matters particularly if retreatment is
aimed at stabilization of disease activity such as in DME. A
manual inspection of large OCT datasets in busy clinics is
inherently impractical and prone to errors.2 Moreover,
modern OCT devices provide a huge number of images in
the range of several hundreds, with swept-source OCT in
the thousands as imaging technology continues to offer
6

rapid improvements, providing more and more scans per
imaging session together with high-resolution visualization
of more and more morphologic features. Thus, automated
methods present an attractive tool to at least prescreen OCT
datasets and direct the clinician’s attention to those images
requiring detailed analysis, or in the near future perform
independently. Our presented deep learning method pro-
vides solid accuracy for the detection of fluid, but, as
opposed to prior work, is not limited to a particular disease
or OCT device and may become widely applicable.

Detecting the mere presence of any fluid at any macular
location is insufficient to guide clinical decision making,
because both the type and the amount of fluid in the macula are
important factors for patients’ outcome. Prior studies, for
example, in the setting of neovascular AMD indicate that
approximately one quarter of eyes do not achieve a completely
dry macula even after a prolonged period of intensive VEGF
inhibition.14 Nevertheless, some eyes may still be successfully
extended under a treat-and-extend regimen in the sense that the
amount of fluid does not increase when treatment is withheld.
The value of so-called no tolerance regimens has been ques-
tioned by the scientific community.15 Evidence suggests that
not all fluid observed in eyes with neovascular AMD may
be caused by active exudation, but may rather be a



Table 3. Fluid Volume Correlation r

Disease Measure

Cirrus Spectralis

IRC SRF IRC SRF

AMD r 0.81 0.98 0.86 0.85
P <0.00001 <0.00001 <0.00001 <0.00001
R2 0.39 0.94 0.68 0.65
n 56 63 50 45

DME r 0.98 0.99 0.88 0.96
P <0.00001 <0.00001 0.00001 0.00002
R2 0.92 0.89 0.62 0.87
n 16 8 16 10

RVO r 0.95 0.96 0.95 1.00
P <0.00001 0.00017 0.00003 <0.00001
R2 0.87 0.83 0.87 1.00
n 68 8 10 10

AMD ¼ age-related macular degeneration; DME ¼ diabetic macular
edema; IRC ¼ intraretinal cystoid fluid; RVO ¼ retinal vein occlusion;
SRF ¼ subretinal fluid.
Correlation of segmented and true fluid volume evaluated on Cirrus and
Spectralis data, each grouped in neovascular AMD, DME, and RVO cases.
For each result, Pearson’s correlation coefficient r is specified, together with
the 2-tailed P value and R2. The evaluation was performed separately for
IRC and SRF.
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consequence of degenerative processes such as in
“pseudocysts” and “outer retinal tabulation.”16,17 Particularly,
persistent intraretinal cystoid changes are known to reflect
neurosensory degeneration rather than active neovascular
leakage, which does not resolve under therapy.18 It is critical to
obtain a precise measurement of the amount, increase, or
decrease of fluid within or underneath the retina and use the
dynamics of this quantitative variable to guide retreatment
indications. A disciplined approach to retreatment strategies
in respect to the socioeconomic burden of long-term disease
activity is also warranted.19 In DME, recent publications have
shown that anti-VEGF therapy can “cure” DME after an initial
period of active treatment, with many patients requiring no
injections beyond the third year of therapy. Monitoring the
precise amount of fluid, that is, leakage activity, is especially
important when introducing a new retreatment regimen based
on a “no change” policy. Deciding whether IRC has not
changed is only feasible if IRC is automatically detected, the
volume can be calculated, and the distribution of the IRC can
be compared automatically.20 Our method enables these
approaches in a reliable, inexpensive, and time-saving manner.

Prior studies demonstrated a clear correlation between the
amount of IRC at the foveal center and the best-corrected vi-
sual acuity.6 Thus, a tool to quickly and reliably measure the
amount and localization of fluid may become crucial to
inform individual prognosis or as a manner to stratify
patients in clinical trials. Recent structure/function correlation
highlights the need to differentiate between the different
types of macular fluid, that is, IRC and SRF.21 Growing
evidence suggests that these 2 types of fluid exert a different
effect on visual acuity, with IRC being the main driver for
functional loss and SRF conferring a possibly enhancing
visual prognosis.4 Indeed, eyes that did not show SRF at
baseline had somewhat poorer functional outcomes of
anti-VEGF therapy across the different macular diseases,
including neovascular AMD and DME, also when balancing
for baseline visual acuity levels.4,22 More important, re-
searchers have suggested that chronic, treatment-refractory
SRF may not represent a vital indication for retreatment.23

Although the prospective FLUID study (clinicaltrials.gov
identifier, NCT01972789) that is currently under way will
provide further evidence on these phenomena, it is clear that
an automated method in clinical practice is extremely useful
to detect and quantify IRC and SRF separately.24

Deep learning methods have been recently suggested for
automated detection of diabetic retinopathy from fundus im-
ages.25,26 Lee et al27 used deep learning to link OCT images to
clinical end points extracted from electronic medical records.
The study neither aimed to detect nor to quantify neovascular
AMD-related findings in OCT images, such as IRC, SRF,
retinal pigment epithelium lesions, or drusen, but to distinguish
normal OCT images from images of subjects affected by AMD.
Detection and segmentation of retinal fluid have lately attracted
substantial interest from several image analysis groups because
currently no commercial OCT device offers such functionality.
Intensive efforts in the development of automated algorithms
highlight the attractivity of those tools for an advanced
management of macular and retinal disease. Chen et al28 used a
graph-search-graph-cut approach for automated 3-dimensional
segmentation of symptomatic exudate-associated derangement
(SEAD), which subsumes IRC, SRF, and pigment epithelial
detachment into a single fluid class, resulting in a binary clas-
sification between SEAD and non-SEAD. The method was
evaluated on 15 OCT images of subjects with exudative AMD
only annotated by a single grader on iPad software.28 Fernández
applied a deformable model to yield shape descriptions of fluid-
filled regions on OCT scans of patients with AMD.29 Wilkins
et al30 performed automated segmentation of IRC. The
implemented method did not leverage deep learning methods
but mainly relied on classic image processing methods, such
as thresholding and boundary tracing. Their method was
evaluated on Cirrus OCT scans of 16 patients with
vitreoretinal disease and 3 controls only. Recently, efforts
were aimed at achieving automated pixel-wise fluid segmenta-
tion. Xu et al31 presented a machine learningebased approach
where each pixel is independently classified using a handful of
handcrafted features describing local texture. They evaluate their
method on images from 10 patients with CNV, but the method
does not differentiate IRC and SRF. Chiu et al32 introduced a
joint layer and fluid segmentation approach and evaluated it
on 110 B-scans from 10 patients with DME. Although the
method offers the potential to separate IRC from SRF based
on layer information, the evaluated patients exhibited only
IRC. Wang et al33 presented a level-setebased fluid segmen-
tation approach and evaluated it on 10 eyes with DME imaged
with OCT angiography. Manual correction of segmented layers
was required to separate IRC fromSRF. In summary, previously
reported methods focused on a single disease only (AMD or
DME), were evaluated on a small number of patients, and did
not differentiate automatically between IRC and SRF, but rather
performed this separation in a postprocessing step. Our study
goes far beyond previously published work in both perfor-
mances, aswell as the size and diversity of the validation dataset,
whichmakes the automatedmethodology practically applicable.
7
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Figure 4. Example cases of segmentation results on OCT scans acquired with Cirrus or Spectralis devices of neovascular age-related macular degeneration
(AMD), diabetic macular edema (DME), and retinal vein occlusion (RVO) cases. The first row shows OCT slices, the second row shows manual labels by
certified graders, and the bottom row shows the automated segmentation results (intraretinal cystoid fluid [IRC] in green, SRF in blue).
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Despite these efforts, fluid segmentation and detection represent
a challenging problembecause of the low signal-to-noise ratio of
OCT images and the large variability in fluid shape and size, in
particular across different retinal diseases.

In this article,we extend and evaluate the approach of Schlegl
et al,34 which introduced a deep learning approach for
classifying pixels and segmenting IRC and SRF separately
with a high level of accuracy, in 2 respects. First, in the
aforementioned work, the model was trained and tested solely
on Cirrus AMD data. Second, the method only was allowed to
predict a single class label for a given input image patch.
Besides intensity normalization of input images, the proposed
method does not require any image preprocessing, thus
avoiding error propagation typical of long analysis pipelines.
It uses the most innovative artificial intelligence technology,
termed “deep learning.” The overwhelming wealth of clinical
images and the distinct nature of morphologic features offer
an ideal condition for deep learning methods to introduce
groundbreaking paradigm shifts into the management of the
leading retinal diseases of modern ophthalmology.

The detection performance for SRF in DME eyes indicates
a potential for improvements. The poorer performance can be
explained by the fact that, compared with neovascular AMD or
RVO, DME eyes in general comprise a lower prevalence and
lesser amount of SRF. Thus, when training the method solely
on AMD and RVO cases and applying the trained model on
DME cases, the model is not able to adapt for the different
distributions of class labels. On the other hand, when the
method would be directly trained on DME cases, because of
the small amount of target labels, it would not be able to ac-
quire a good representation for SRF. Because of differences in
label distributions, simultaneous training on AMD, RVO, and
DME cases would reduce the test performance on DME. This
limitation should be overcome by the availability of sufficient
amounts of ground truth cases.35 Future deep learning methods
may not require large amounts of ground truth annotations any
longer because they could be designed to detect deviations
from normal-appearance patterns in an unbiased manner.

In conclusion, we have presented and validated a highly
robust and sensitive automated method to detect, differentiate,
and quantify macular fluid (IRC and SRF) in routine OCT
images of a range of exudative macular diseases as well as the
most widely used OCT devices. Because of their precision,
reliability, and objectivity, digital analysis tools such as the one
presented may become important tools in the individual and
the large-scale management of patients with macular disease.
Deep learning presents a promising technology for reliably
guiding disease and patient management in a field so inten-
sively driven by imaging such as ophthalmology.
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