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Automatic quantification of superficial
foveal avascular zone in optical coherence
tomography angiography implemented
with deep learning
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Abstract

An accurate segmentation and quantification of the superficial foveal avascular zone (sFAZ) is important to facilitate
the diagnosis and treatment of many retinal diseases, such as diabetic retinopathy and retinal vein occlusion. We
proposed a method based on deep learning for the automatic segmentation and quantification of the sFAZ in
optical coherence tomography angiography (OCTA) images with robustness to brightness and contrast (B/C)
variations. A dataset of 405 OCTA images from 45 participants was acquired with Zeiss Cirrus HD-OCT 5000 and
the ground truth (GT) was manually segmented subsequently. A deep learning network with an encoder–decoder
architecture was created to classify each pixel into an sFAZ or non-sFAZ class. Subsequently, we applied largest-
connected-region extraction and hole-filling to fine-tune the automatic segmentation results. A maximum mean
dice similarity coefficient (DSC) of 0.976 ± 0.011 was obtained when the automatic segmentation results were
compared against the GT. The correlation coefficient between the area calculated from the automatic segmentation
results and that calculated from the GT was 0.997. In all nine parameter groups with various brightness/contrast, all
the DSCs of the proposed method were higher than 0.96. The proposed method achieved better performance in
the sFAZ segmentation and quantification compared to two previously reported methods. In conclusion, we
proposed and successfully verified an automatic sFAZ segmentation and quantification method based on deep
learning with robustness to B/C variations. For clinical applications, this is an important progress in creating an
automated segmentation and quantification applicable to clinical analysis.

Keywords: Optical coherence tomography angiography, Deep learning, Foveal avascular zone, Automatic
segmentation and quantification

Introduction
Optical coherence tomography (OCT) has significantly
advanced ophthalmic imaging, and OCT angiography
(OCTA) is a noninvasive approach that provides a high-
resolution visualization of the vasculature in the retina
and choroid without the injection of an intravenous con-
trast [1]. With the advent of high-speed OCT and effi-
cient algorithms, OCTA has been used to evaluate

diabetic retinopathy [2], retinal vein occlusion [3], non-
exudative age-related macular degeneration [4], and
macular telangiectasia type 2 [5].
Classical histology publications expound that two par-

allel vascular networks exist at the inner retinal level [6],
the superficial network and the deep network. The foveal
avascular zone (FAZ), a region of the fovea without
blood, consists of a superficial FAZ (sFAZ) at the super-
ficial level of the retina and the deep FAZ (dFAZ) at the
deep level of the retina. The areas of the sFAZ of both
patients with diabetic retinopathy and patients with ret-
inal vein occlusion are larger than those of healthy
people [7, 8]. Meanwhile, the sFAZ is negatively corre-
lated with the best-corrected visual acuity [9]. In all eyes,
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the sFAZ is positively correlated with the logarithm of
the minimum angle of resolution of visual acuity [10].
Hence, accurate segmentation and quantification of
sFAZ is crucial for the diagnosis and treatment of the
abovementioned diseases.
Several OCTA devices provide images with different

brightness and contrast (B/C) variations. A method to
obtain quantitative metrics of vascular plexuses is to ex-
port OCTA images and use publicly available image
processing software such as ImageJ to manually analyze
the images. The process used by ophthalmologists, i.e.,
manually analyzing vascular plexuses to segment the
sFAZ, is labor intensive and time consuming. Mean-
while, the analysis results may vary according to the B/C
settings [11]. Binarization thresholding and B/C adjust-
ments can significantly affect quantitative metrics. Com-
pared to manual segmentation, automatic segmentation
can be more efficient, reliable, and objective. Unfortu-
nately, automatic segmentation methods previously re-
ported, which are based on human prior knowledge,
exhibit the following problems:

1. Although these methods may perform well on
singular OCTA datasets, they cannot accurately
segment the sFAZ in the OCTA images from other
datasets by overfitting to the original sample.

2. The parameters of these methods are selected
empirically, thereby causing the automatic
segmentation results of the sFAZ to be destroyed
significantly when the B/C of the image are
different from the default.

Specifically, Lu et al. [12] extracted an sFAZ by apply-
ing a region-growing approach, in which the image cen-
ter point was manually selected as a seed. The final
sFAZ segmentation result was obtained by applying
morphological operators and an active contour model.
Díaz et al. [13] identified all potential FAZ (both sFAZ
and dFAZ) candidates by applying morphological opera-
tors and edge detection techniques. Subsequently, spe-
cific domain knowledge was used to preserve the most
suitable FAZ localization from all the FAZ candidates.
Finally, a region-growing approach was applied to the
most suitable FAZ localization to obtain the final FAZ
segmentation results.
Deep learning is a technology that contributes to the

excellent performance for discovering the intricate struc-
tures of high-dimensional data. The layer used to extract
features in deep learning are learned from data using a
general-purpose learning procedure, without relying on
the design of human engineers [14]. This allows deep
learning to provide highly accurate and objective results
and perform even better in generalization with new
datasets [14]. Currently, deep learning for the automatic

classification and segmentation of OCT images in oph-
thalmology affords excellent results [15, 16]. Further-
more, deep learning is applicable to image B/C
adjustments [17, 18]. Therefore, we herein propose a
method based on deep learning for the segmentation
and quantification of the sFAZ in OCTA images. The
method was designed to be insensitive to variations in
B/C, and applied to segment and quantify the sFAZ.
The main purpose of this study is to demonstrate the

high accuracy and significant correlation of the proposed
method based on deep learning for the segmentation
and quantification of the sFAZ in OCTA images with
robustness to B/C variations. The low contrast of the
dFAZ boundary caused by the dense and complex deep
retinal capillary network challenges the accurate seg-
mentation and quantification of the dFAZ. The robust-
ness of the proposed method to B/C variations
demonstrates the potential for the accurate segmenta-
tion and quantification of the dFAZ.

Methods
The pipeline of the proposed method is illustrated in
Fig. 1. To accelerate the training process, the original
OCTA image data were augmented [19] and normalized
[20]. Next, the sFAZ was segmented using our proposed
deep learning network. Subsequently, we applied the
largest-connected-region extraction and hole-filling to
obtain a precise sFAZ segmentation. Finally, the sFAZ
quantification results were obtained, as detailed in Sec-
tion 2.6.

Image dataset and preparation for training and testing
From April 2017 to August 2018, randomly selected
OCTA images of 45 eyes from 45 participants were
acquired in the Optometry Clinic of the Hong Kong
Polytechnic University, which include those of 22
males and 23 females aged between 18 to 49 years.
The tenets of the Declaration of Helsinki were ad-
hered to for the study. Ethics clearance was obtained
from the Institution Review Board of the Hong Kong
Polytechnic University. Written consent forms were
obtained from all participants. Twelve participants
were high myopes with a spherical equivalent ≤ −6D,
and 33 were low myopes (spherical equivalent >
−6D). For each eye, a 3 mm × 3mm OCTA image
centered on the macula was captured using Cirrus
HD-OCT 5000 with AngioPlex (Carl Zeiss Meditec,
Inc., Dublin, California). Cirrus has an A-scan rate of
68,000 scans per second and a light source with a
central wavelength of 840 nm. The axial and trans-
verse resolutions in tissue are 5 and 15 μm/pixel, re-
spectively. The default B/C setting of the superficial
retina layer is 130/20 (Group 1). The B/C was manu-
ally changed to the following settings: 90/20 (Group 2),

Guo et al. Visual Computing for Industry, Biomedicine, and Art            (2019) 2:21 Page 2 of 9



110/20 (Group 3), 150/20 (Group 4), 170/20 (Group 5),
130/0 (Group 6), 130/10 (Group 7), 130/30 (Group 8),
and 130/40 (Group 9). An example of OCTA images with
nine different brightness/contrast settings is shown in
Fig. 2. The default contrast and brightness settings are 20
and 130, respectively. The higher the values (of both con-
trast and brightness), the darker the images. More capil-
laries are visible at the contrast from 20 to 10 or the
brightness from 130 to 120; however, noise increases. On
the contrary, changing the contrast and brightness to

higher values resulted in darker images with fewer visible
capillaries. At different scales, the capillaries and noise had
different degrees of visualization. In total, 405 OCTA im-
ages of the superficial retina were exported for image
analysis.
The ground truth (GT) of the sFAZ was generated

on both training and testing sets by filling the inner
area of the sFAZ boundary manually using the “fill”
and “polygon selections” programs in the ImageJ soft-
ware (National Institutes of Health, Bethesda, MD).

Fig. 1 The proposed method pipeline

Fig. 2 An example of OCTA images with nine different brightness/contrast settings. a 130/20; b 90/20; c 110/20; d 150/20; e 170/20; f 130/0; g
130/10; h 130/30; i 130/40
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Data preprocessing
A total of 405 OCTA images from 45 participants (12
high myopic and 33 low myopic) were rotated and
flipped to 2430 to fulfill the requirement of a large
amount of data for training a deep learning network. To
accommodate the proposed deep learning network, all
OCT images were downsized to a standard resolution of
704 × 704 pixels. To substantially improve the final
generalization error of the proposed deep learning net-
work and accelerate training, the original data were nor-
malized by applying Eq. (1):

X̂ ¼ X−Xmix

Xmax−Xmin
ð1Þ

X̂ denotes the result of normalization, X the image,
Xmax the maximum pixel value in the image, and Xmin

the minimum pixel value in the image.

Description of the proposed deep learning network
We designed a deep learning network, inspired by a fully
convolutional networ k[21] and U-Net [22], to perform
classification among the sFAZ and other regions for
each pixel in the OCTA image. An overview is presented
in Fig. 3. The proposed network allowed an input image
of a specific size to be mapped to an image of corre-
sponding class labels of the same size by automatically
extracting the semantic information of the input image.
The proposed network consisted of two processing com-
ponents: an encoder that extracted abstract semantic in-
formation from the input image and a decoder that
mapped the abstract semantic information to an image
of corresponding class labels at the pixel level.
The encoder (C1–C2, P1–P5) included two Conv-

Batch normalization (BN )[23] -ReLu blocks (C1–C2)
and five pooling blocks (P1–P5). A pooling block in-
cluded a Conv-BN-ReLu block, a squeeze-and-excitation
(SE) block [24], and a pooling layer (Pool); meanwhile, a

Fig. 3 Graphical representation of the proposed deep learning network. The proposed deep learning network included an encoder and decoder.
The encoder comprised two Conv-BN- ReLu blocks (C1–C2) and five pooling blocks (P1–P5). The decoder comprised five upsampling blocks (U1–
U5) and a reconstruction block (R1). The output of each layer is a three-dimensional feature map of size (h × w × d), where h and w are the
height and width of the feature map, respectively, and d is the feature dimension
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Conv-BN-ReLu block comprised two convolutional
layers (Conv), two BN layers, and two ReLu layers
(ReLu). The SE block included one pooling layer, one re-
shape layer (Reshape), two dense layers (Dense), one
ReLu layer, one sigmoid layer (Sigmoid), and one multi-
ply layer (Multiply). The convolutional layer of a se-
quence of square filters generated a sequence of feature
maps containing the semantic information as a result of
a two-dimensional convolution. The BN layer performed
standardization on each feature map to accelerate the
training process of the proposed network and improve
the segmentation performance. The activation function
ReLu, which improves the nonlinearity of the proposed
network, was applied to calculate the output of each fea-
ture map. In the SE block, the pooling layer and the re-
shape layer changed the size of the feature map;
subsequently, a parameter between 0 and 1 for each fea-
ture map as an input to the SE-block was generated
through two dense layers: one ReLu layer and one sig-
moid layer. The Multiply layer multiplied each feature
map by the corresponding parameter as the output of
the SE block. The SE block improved the performance
of the proposed network at minimal additional computa-
tional costs. The pooling layer reduced the size of the
feature map to increase the receptive field by applying
the maximum activation over nonoverlapping square
regions.
The decoder (U1-U5, R1) reconstructed the sFAZ seg-

mentation result from 22 × 22 pixels to 704 × 704 pixels
by applying five upsampling blocks, and a reconstruction
block. The upsampling block comprised a Conv-BN-
ReLu block, SE block, and upsampling layer (Upsample).
A reconstruction block comprised one convolutional
layer and one sigmoid layer. The upsampling layer re-
stored the size of the feature maps through bilinear
interpolation. The concatenate layer (Concatenate) was
designed to solve the problem of potential missing image
details in this reconstruction by fusing the feature maps.
The feature maps were reconstructed to an image of
corresponding class labels of the same size as the ori-
ginal image after finalizing all the upsampling blocks
and the reconstruction block.

Network training strategies
The parameters for the proposed network training
process were set as follows:

1. The basic learning rate was reduced to half the
basic learning rate of the previous epoch if the loss
within 30 epochs did not reduce from an initial
value of 1 × 10− 4.

2. Ada m[25] was applied as an optimization to
guarantee an efficient calculation and robustness to
the data noise of the proposed network.

3. The program automatically saved the proposed
network model once whenever the correct rate of
the testing set had increased.

Based on the Keras framework [26], we used a GPU
NVIDIA GeForce GTX 1080TI equipped on an Intel
Xeon E5–2650 2.30 GHz machine with a Linux Ubuntu
14.04 operating system to train the proposed network.

Result post-processing
Some sFAZ segmentation results from the proposed net-
work output included tiny holes and spots. We used the
largest-connected-region extraction and hole-filling to
provide precise sFAZ segmentation results for all the
OCTA images.

Final sFAZ area calculation
The area of the sFAZ from the segmentation results was
calculated using Eq. (2):

Area ¼ N� mm2

H�W
ð2Þ

N represents the number of pixels of the precise sFAZ
segmentation results, mm represents the size in millime-
ters of the OCTA image, and H and W represent the
height and width of the analyzed OCTA image,
respectively.

Cross-validation methods
We tested the proposed method using a five-fold strati-
fied cross-validation on our dataset of 45 participants.
All participants, including all nine groups of images for
each participant, were randomly divided into five groups
(participant based). At every fold, one group was used as
the test set without repetition and the remaining were
used as the training sets.

Performance evaluation
When the automatic segmentation result was compared
against the GT, each pixel of the automatic segmenta-
tion result was classified as either a true positive (TP),
true negative (TN), false positive (FP), or false negative
(FN). Metrics of dice similarity coefficient (DSC), sensi-
tivity, and specificity were calculated to evaluate the seg-
mentation performance of the proposed method. The
equation of these measurements are as follows:

DSC ¼ 2TP
FPþ 2TPþ FN

ð3Þ

sensitivity ¼ TP
TPþ FN

ð4Þ
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specificity ¼ TN
TNþ FP

ð5Þ

The correlation coefficien t[27] between the area cal-
culated from the automatic segmentation results and
that calculated from the GT were calculated to evaluate
their consistency as follows:

R ¼ σx;y
σx � σy

ð6Þ

Results
Local cross-validation results
The DSC for each OCTA image was calculated and av-
eraged over all OCTA images, as shown in Fig. 4. The
red line denotes the mean DSCs of all deep learning net-
work outputs after binarization of different threshold
values. The mean DSC increases from the threshold
value at 0 with the minimum mean DSC of 0.974 to the
threshold value at 0.44 with the maximum mean DSC of
0.976. The mean DSC maintained at 0.976, while the
threshold changed from 0.44 to 0.80 and then begins to
decline. The maximum mean DSC was obtained in a
wide range of thresholds, and the mean DSC variation
over the entire threshold range was gradual, which indi-
cates that the performance was insensitive to the se-
lected threshold. A typical example of an automatic
sFAZ segmentation with a DSC of 0.990 is shown in
Fig. 5. One standard deviation below and above the
mean DSCs is marked with a dashed green line and a
dotted blue line, respectively. Qualitatively, the deviation
of the mean DSC that ranges from 0.011 to 0.013 was

small for different thresholds, with the maximum mean
DSC of 0.976 ± 0.011 at the threshold value of 0.44,
which indicates that the performance was robust and
consistent over all OCTA images.
At the threshold value at 0.44, the mean DSC, mean

sensitivity, and mean specificity are 0.976 ± 0.011,
0.972 ± 0.019, and 0.999 ± 0.001, respectively, as shown
in Table 1. The correlation coefficient between the area
calculated from the automatic segmentation results and
that calculated from the GT was 0.997, which indicated
the significant correlation between the area calculated
from the automatic segmentation results and that calcu-
lated from the GT.
We divided all the OCTA image into nine different

B/C variation parameter groups according to the de-
scription in Section 2.1 and calculated the DSC,
sensitivity, specificity, and correlation coefficient in
each parameter group based on the threshold value of
0.44, as shown in Table 2. In the nine parameter
groups, the mean DSC, mean sensitivity, and mean
specificity of the proposed method were higher than
0.96, and the correlation coefficient exceeding 0.99 in-
dicated a significant correlation between the area cal-
culated from the automatic segmentation results and
that calculated from the GT.

Comparison with other methods
Table 3 shows the comparison of segmentation perform-
ance in terms of the DSC and the correlation coefficient
between the current results and those of published re-
sults using other methods.

Fig. 4 Mean dice similarity coefficient of the proposed method with binarization of different threshold values. The red line denotes the mean
DSCs of all deep learning network outputs after binarization of different threshold values; the dashed green line and the dotted blue line denote
one standard deviation below and above the mean DSC, respectively. DSC: Dice similarity coefficient
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Discussion
In the current study, we propose a segmentation and
quantification method based on deep learning for auto-
matically segmenting and quantifying the sFAZ in the
OCTA images with the best mean DSC of 0.976. Among
the automatic segmentation results of all the OCTA im-
ages, the low standard deviation ranging from 0.011 to
0.013 for the mean DSC indicates the robustness of the
proposed method. The correlation coefficient between
the area calculated from the automatic segmentation re-
sults of the proposed method and that calculated from
the GT was 0.997, which indicated that the significant
correlation was reliable for the automatic quantification
of the sFAZ. In the nine different B/C variation groups,
the mean DSC of the proposed method was higher than
0.96 and the correlation coefficient was higher than 0.99.
This good performance indicates that our method is
robust to B/C variations. In the method evaluation, com-
pared to two similar studies in the literature, the

proposed method provided the mean DSC of 0.976 and
the correlation coefficient of 0.997, which were superior
and indicated better accuracy and more significant cor-
relation in sFAZ segmentation. The obtained results also
indicated better consistency between the area calculated
from the automatic segmentation results and the area
calculated from GT with the proposed method than the
consistency obtained with other methods, with the best
mean DSC and the best correlation coefficient of 0.925
and 0.948, respectively. This might indicate that the pro-
posed method improved the automatic segmentation
and quantification accuracy.
Such a good performance may be attributed to the

modified U-Net architecture in the current study. The
pooling layer in the encoder reduced the size of the fea-
ture map and increased the receptive field to efficiently
extract representative global information. The decoder
was applied to perform size reduction on a small-sized
feature map to obtain a prediction image of the same

Fig. 5 A typical example of automatic superficial foveal avascular zone segmentation. The dice similarity coefficientwas 0.990. a Optical coherence
tomography angiography (OCTA) image; b Automatic segmentation result (blue area) presented on OCTA image; c Ground truth (GT) (red area)
presented on OCTA image; d Magnification of the differences between automatic segmentation results (blue area) and GT (red area); the purple
area is the overlapping part of the automatic segmentation results and the GT

Table 1 Segmentation performance with threshold value of 0.44

Dice similarity coefficient (mean ± SD) Sensitivity (mean ± SD) Specificity (mean ± SD) R

Current study 0.976 ± 0.011 0.972 ± 0.019 0.999 ± 0.001 0.997 (p = 0.000 < 0.5)

Guo et al. Visual Computing for Industry, Biomedicine, and Art            (2019) 2:21 Page 7 of 9



size as the input image. The skip connection structure
with an SE block between the encoder and decoder was
designed to supplement the decoder with weighted focus
information that would provide more sFAZ features as
well as compensate for the loss of information during
the feature size reduction of the pooling layer.
The second reason for the good performance might be

the SE block and BN layer adopted in the current study.
The SE block assigned a weight between 0 and 1 for
each feature map by feature learning to weigh the sFAZ
at the channel level and suppress noise interference. The
essence of the deep learning network learning process is
to learn the data distribution. To solve the problem of
significantly reduced network generalization given the
distribution inconsistency of the training data and test-
ing data, we applied normalization to preprocess the
data in Section 2.2. However, the distribution of data
output at each layer of the network might change as the
training progresses. This would not only reduce the net-
work generalization significantly, but also reduce the
training speed considerably. Therefore, we applied the
BN layer behind the layer (Fig. 2), which might change
the original data distribution to achieve a high
generalization performance of the network and acceler-
ate the training process. The SE block and the BN layer
were utilized to improve the robustness to different B/C
versions and noise in the sFAZ.
The proposed deep-learning-based method may ex-

hibit some limitations. The performance of a deep-

learning-based method is closely related to the quantity
of training data. More data from multicenters should be
collected to construct a more robust method and im-
prove the generalization ability of this method.
The dense and complex deep retinal capillary network

challenges the observation and quantification of the
dFAZ by artificial method s[30] and the extraction of
special anatomical information of the dFAZ using pro-
gram algorithms. A typical challenge of dFAZ segmenta-
tion is the low contrast of the dFAZ boundary. The
proposed method based on deep learning provided a
highly accurate automatic sFAZ segmentation with ro-
bustness to B/C variations. This indicates that the pro-
posed method allows an accurate extraction of the
anatomical information of the sFAZ and is insensitive to
variations in B/C. These demonstrate the great potential
of the proposed method for the segmentation of the
dFAZ. In future studies, we plan to apply deep learning
to the automatic segmentation of the dFAZ.

Conclusions
In the current study, we proposed and successfully veri-
fied an automatic sFAZ segmentation and quantification
method based on deep learning with robustness to B/C
variations. We improved the U-Net by appending BN
layers and SE blocks, which resulted in increased accur-
acy and generalization. A comparison with the GT indi-
cated that the proposed method demonstrated high
accuracy and significant consistency in sFAZ segmenta-
tion and quantification with robustness to B/C varia-
tions. For clinical analyses, this is a key step in creating
an automatic segmentation and quantification of the
sFAZ. Future studies will include applying the proposed
method to the automatic segmentation of the dFAZ.

Abbreviations
B/C: Brightness and contrast; BN: Batch normalization; dFAZ: Deep foveal
avascular zone; DSC: Dice similarity coefficient; FAZ: Foveal avascular zone;
FN: False-negative; FP: False-positive; GT: Ground truth; OCT: Optical
coherence tomography; OCTA: Optical coherence tomography angiography;
SE: Squeeze-and-excitation; sFAZ: Superficial foveal avascular zone; TN: True-
negative; TP: True-positive

Table 2 Segmentation performance of the proposed method in each parameter group

Parameter group Dice similarity coefficient (mean ± SD) Sensitivity (mean ± SD) Specificity (mean ± SD) R

G1 0.977 ± 0.001 0.972 ± 0.017 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G2 0.975 ± 0.011 0.967 ± 0.022 0.999 ± 0.001 0.997 (p = 0.000 < 0.5)

G3 0.977 ± 0.001 0.972 ± 0.017 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G4 0.976 ± 0.010 0.972 ± 0.018 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G5 0.976 ± 0.010 0.972 ± 0.018 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G6 0.976 ± 0.010 0.973 ± 0.018 0.999 ± 0.001 0.997 (p = 0.000 < 0.5)

G7 0.977 ± 0.009 0.974 ± 0.016 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G8 0.975 ± 0.011 0.971 ± 0.020 0.999 ± 0.001 0.998 (p = 0.000 < 0.5)

G9 0.972 ± 0.013 0.975 ± 0.018 0.999 ± 0.001 0.996 (p = 0.000 < 0.5)

Table 3 Comparison of the segmentation performance
between our proposed method and similar studies

Study Dice similarity coefficient R

Lu et al .[12] 0.808 0.792 (p = 0.000 < 0.5)

Díaz et al .[13] 0.879 0.666 (p = 0.000 < 0.05)

Cheng et al .[28] 0.925 0.948 (p = 0.000 < 0.05)

Gharaibeh et al .[29] 0.915 0.940 (p = 0.000 < 0.05)

Current study 0.976 0.997 (p = 0.000 < 0.5)

Guo et al. Visual Computing for Industry, Biomedicine, and Art            (2019) 2:21 Page 8 of 9



Acknowledgements
Not applicable.

Authors’ contributions
All authors read and approved the final manuscript.

Funding
Not applicable.

Availability of data and materials
The datasets used and/or analysed during the current study are available
from the corresponding author on reasonable request.

Competing interests
The authors declare that they have no competing interests.

Received: 27 August 2019 Accepted: 12 November 2019

References
1. Spaide RF, Fujimoto JG, Waheed NK, Sadda SR, Staurenghi G (2018) Optical

coherence tomography angiography. Prog Retin Eye Res 64:1–55. https://
doi.org/10.1016/j.preteyeres.2017.11.003

2. Ishibazawa A, Nagaoka T, Takahashi A, Omae T, Tani T, Sogawa K et al
(2015) Optical coherence tomography angiography in diabetic retinopathy:
a prospective pilot study. Am J Ophthalmol 160(1):35–44.e1. https://doi.org/
10.1016/j.ajo.2015.04.021

3. Coscas F, Glacet-Bernard A, Miere A, Caillaux V, Uzzan J, Lupidi M et al
(2016) Optical coherence angiography in retinal vein occlusion: evaluation
of superficial and deep capillary plexuses. Am J Ophthalmol 161:160–171.e2.
https://doi.org/10.1016/j.ajo.2015.10.008

4. Choi W, Moult EM, Waheed NK, Adhi M, Lee B, Lu CD et al (2015) Ultrahigh-
speed, swept-source optical coherence tomography angiography in
nonexudative age-related macular degeneration with geographic atrophy.
Ophthalmology 122(12):2532–2544. https://doi.org/10.1016/j.ophtha.2015.08.029

5. Spaide RF, Klancnik JM Jr, Cooney MJ (2015) Retinal vascular layers in
macular telangiectasia type 2 imaged by optical coherence tomographic
angiography. JAMA Ophthalmol 133(1):66–73. https://doi.org/10.1001/
jamaophthalmol.2014.3950

6. Hogan MJ, Alvarado JA, Weddell JE (1971) Histology of the human eye: an
atlas and textbook. W.B. Saunders, Philadelphia

7. Takase N, Nozaki M, Kato A, Ozeki H, Yoshida M, Ogura Y (2015)
Enlargement of foveal avascular zone in diabetic eyes evaluated by en face
optical coherence tomography angiography. Retina 35(11):2377–2383.
https://doi.org/10.1097/IAE.0000000000000849

8. Kang JW, Yoo R, Jo YH, Kim HC (2017) Correlation of microvascular
structures on optical coherence tomography angiography with visual acuity
in retinal vein occlusion. Retina 37(9):1700–1709. https://doi.org/10.1097/IAE.
0000000000001403

9. Casselholmde Salles M, Kvanta A, Amrén U, Epstein D (2016) Optical coherence
tomography angiography in central retinal vein occlusion: correlation between
the foveal avascular zone and visual acuity. Invest Ophthalmol Vis Sci 57(9):
OCT242–OCT246. https://doi.org/10.1167/iovs.15-18819

10. Samara WA, Shahlaee A, Adam MK, Khan MA, Chiang A, Maguire JI et al
(2017) Quantification of diabetic macular ischemia using optical coherence
tomography angiography and its relationship with visual acuity.
Ophthalmology 124(2):235–244. https://doi.org/10.1016/j.ophtha.2016.10.008

11. Mehta N, Liu KK, Alibhai AY, Gendelman I, Braun PX, Ishibazawa A et al
(2019) Impact of binarization thresholding and brightness/contrast
adjustment methodology on optical coherence tomography angiography
image quantification. Am J Ophthalmol 205:54–65. https://doi.org/10.1016/j.
ajo.2019.03.008

12. Lu YS, Simonett JM, Wang J, Zhang M, Hwang T, Hagag AM et al (2018)
Evaluation of automatically quantified foveal avascular zone metrics for
diagnosis of diabetic retinopathy using optical coherence tomography
angiography. Invest Ophthalmol Vis Sci 59(6):2212–2221. https://doi.org/10.
1167/iovs.17-23498

13. Díaz M, Novo J, Cutrín P, Gómez-Ulla F, Penedo MG, Ortega M (2019)
Automatic segmentation of the foveal avascular zone in ophthalmological
OCT-A images. PLoS One 14(2):e0212364. https://doi.org/10.1371/journal.
pone.0212364

14. LeCun Y, Bengio Y, Hinton G (2015) Deep learning. Nature 521(7553):436–444
15. Lu W, Tong Y, Yu Y, Xing YQ, Chen CZ, Shen Y (2018) Deep learning-based

automated classification of multi-categorical abnormalities from optical
coherence tomography images. Transl Vis Sci Technol 7(6):41. https://doi.
org/10.1167/tvst.7.6.41

16. Ji ZX, Chen Q, Niu SJ, Leng T, Rubin DL (2018) Beyond retinal layers: a deep
voting model for automated geographic atrophy segmentation in SD-OCT
images. Transl Vis Sci Technol 7(1):1. https://doi.org/10.1167/tvst.7.1.1

17. Lore KG, Akintayo A, Sarkar S (2017) LLNet: a deep autoencoder approach
to natural low-light image enhancement. Pattern Recogn 61:650–662.
https://doi.org/10.1016/j.patcog.2016.06.008

18. Zhao C, Han JG, Jia Y, Fan LH, Gou F (2018) Versatile framework for medical
image processing and analysis with application to automatic bone age
assessment. J Electr Comput Eng 2018:2187247. https://doi.org/10.1155/
2018/2187247

19. Dosovitskiy A, Springenberg JT, Riedmiller MA, Brox T (2014) Discriminative
unsupervised feature learning with convolutional neural networks. In:
Abstracts of the 27th international conference on neural information
processing systems. MIT Press, Montreal 8-13 December 2014

20. Shalabi LA, Shaaban Z, Kasasbeh B (2006) Data mining: a preprocessing
engine. J Comput Sci 2(9):735–739. https://doi.org/10.3844/jcssp.2006.735.739

21. Shelhamer E, Long J, Darrell T (2017) Fully convolutional networks for
semantic segmentation. IEEE Trans Pattern Anal Mach Intell 39(4):640–651.
https://doi.org/10.1109/TPAMI.2016.2572683

22. Ronneberger O, Fischer P, Brox T (2015) U-Net: convolutional networks for
biomedical image segmentation. In: Abstracts of the 18th international
conference on medical image computing and computer-assisted
intervention. Springer, Munich, 5-9 October 2015. https://doi.org/10.1007/
978-3-319-24574-4_28

23. Ioffe S, Szegedy C (2015) Batch normalization: accelerating deep network
training by reducing internal covariate shift. In: Abstracts of the 32nd
international conference on machine learning. PMLR, Lille 5 December 2015

24. Hu J, Shen L, Sun G (2018) In: Calvin L (ed) Squeeze-and-excitation
networks. Paper presented at the IEEE conference on computer vision and
pattern recognition. Rampton Salt Palace Convention Center, Salt Lake City
18-22 June, 2018

25. Kingma DP, Ba J (2014) Adam: a method for stochastic optimization. arXiv, p
1412.6980

26. Chollet, F (2015). Keras. https://github.com/fchollet/keras. Accessed 27 Aug 2019
27. Taylor R (1990) Interpretation of the correlation coefficient: a basic review. J

Diagn Med Sonography 6(1):35–39. https://doi.org/10.1177/
875647939000600106

28. Cheng XN, Chen XJ, Ma YH, Zhu WF, Fan Y, Shi F (2019) Choroid
segmentation in OCT images based on improved U-net. In: Abstracts of
SPIE 10949, medical imaging 2019: image processing. SPIE, San Diego, 15
March 2019. https://doi.org/10.1117/12.2509407

29. Gharaibeh Y, Dong PF, Prabhu D, Kolluru C, Lee J, Zimin V et al (2019) Deep
learning segmentation of coronary calcified plaque from intravascular optical
coherence tomography (IVOCT) images with application to finite element
modeling of stent deployment. In: Abstracts of SPIE 10951, medical imaging
2019: image-guided procedures, robotic interventions, and modeling. SPIE, San
Diego, 8 March 2019. https://doi.org/10.1117/12.2515256

30. Shahlaee A, Pefkianaki M, Hsu J, Ho AC (2016) Measurement of foveal
avascular zone dimensions and its reliability in healthy eyes using optical
coherence tomography angiography. Am J Ophthalmol 161:50–55.e1.
https://doi.org/10.1016/j.ajo.2015.09.026

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Guo et al. Visual Computing for Industry, Biomedicine, and Art            (2019) 2:21 Page 9 of 9

https://doi.org/10.1016/j.preteyeres.2017.11.003
https://doi.org/10.1016/j.preteyeres.2017.11.003
https://doi.org/10.1016/j.ajo.2015.04.021
https://doi.org/10.1016/j.ajo.2015.04.021
https://doi.org/10.1016/j.ajo.2015.10.008
https://doi.org/10.1016/j.ophtha.2015.08.029
https://doi.org/10.1001/jamaophthalmol.2014.3950
https://doi.org/10.1001/jamaophthalmol.2014.3950
https://doi.org/10.1097/IAE.0000000000000849
https://doi.org/10.1097/IAE.0000000000001403
https://doi.org/10.1097/IAE.0000000000001403
https://doi.org/10.1167/iovs.15-18819
https://doi.org/10.1016/j.ophtha.2016.10.008
https://doi.org/10.1016/j.ajo.2019.03.008
https://doi.org/10.1016/j.ajo.2019.03.008
https://doi.org/10.1167/iovs.17-23498
https://doi.org/10.1167/iovs.17-23498
https://doi.org/10.1371/journal.pone.0212364
https://doi.org/10.1371/journal.pone.0212364
https://doi.org/10.1167/tvst.7.6.41
https://doi.org/10.1167/tvst.7.6.41
https://doi.org/10.1167/tvst.7.1.1
https://doi.org/10.1016/j.patcog.2016.06.008
https://doi.org/10.1155/2018/2187247
https://doi.org/10.1155/2018/2187247
https://doi.org/10.3844/jcssp.2006.735.739
https://doi.org/10.1109/TPAMI.2016.2572683
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://github.com/fchollet/keras
https://doi.org/10.1177/875647939000600106
https://doi.org/10.1177/875647939000600106
https://doi.org/10.1117/12.2509407
https://doi.org/10.1117/12.2515256
https://doi.org/10.1016/j.ajo.2015.09.026

	Abstract
	Introduction
	Methods
	Image dataset and preparation for training and testing
	Data preprocessing
	Description of the proposed deep learning network
	Network training strategies
	Result post-processing
	Final sFAZ area calculation
	Cross-validation methods
	Performance evaluation

	Results
	Local cross-validation results
	Comparison with other methods

	Discussion
	Conclusions
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Competing interests
	References
	Publisher’s Note

