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We introduce a method based on Gaussian mixture model (GMM) clustering and level-set to
automatically detect intraretina °uid on diabetic retinopathy (DR) from spectral domain optical
coherence tomography (SD-OCT) images in this paper. First, each B-scan is segmented using
GMM clustering. The original clustering results are re¯ned using location and thickness infor-
mation. Then, the spatial information among every consecutive ¯ve B-scans is used to search
potential °uid. Finally, the improved level-set method is used to obtain the accurate boundaries.
The high sensitivity and accuracy demonstrated here show its potential for detection of °uid.
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1. Introduction

Diabetic retinopathy (DR) is one of the main mi-
crovascular complications of diabetes, and is the
leading cause of vision loss in many developed
countries.1 About half of all patients with DR will
develop diabetic macular edema (DME). DME is
the most common cause of vision loss among people
with DR and it can occur at any stage of the disease
course1 and is characterized by the growth of blood
vessels from choroid into the macular region. Hence,
early discovery and treatment of DME is impera-
tive. The standard treatment for these diseases is
the use of anti-angiogenic intravitreal injections
which suppress neovascularization and lead to °uid
resorption.2 The volume of intraretinal °uid is used
as a primary factor for guiding these injections, es-
pecially by subjective estimation based on limited
spectral domain optical coherence tomography (SD-
OCT) slices, which potentially leads to substantial
inconsistency in treatment. Furthermore, manual
segmentation is time-consuming. Hence, accurate
segmentation of the °uid in the retina has an im-
portant role in the diagnosis of these diseases.3,4

OCT, especially SD-OCT, is one of the rapid
developing imaging techniques.3,5–8 OCT has the
advantages of being noninvasive and providing a
cross-sectional, micro-scale description of the opti-
cal re°ectance properties of tissues, which allows the
di®erentiation of retinal structures in the axial di-
rection, enabling clinicians to diagnose retinal dis-
eases better. The development of this technique has
revolutionized the noninvasive management of eye
diseases.

Given its wide application in ophthalmology,
many algorithms based on OCT images have been
proposed to segment intraretinal °uid regions in-
cluding semi-automatic and fully automatic.

Fernandez et al. developed a semi-automatic
method to delineate the boundaries of retinal °uid
areas using a deformable model, but this method
requires the initialization of snake model by human
beings.9 Zheng et al. developed a semi-automatic
algorithm to segment intraretinal and subretinal
°uid in OCT which achieved quantitative analysis of
the °uid regions. In this approach, an expert clicks
on each of the desired candidates after the coarse
segmentation and ¯ne segmentation.10 Wang et al.
developed an interactive method to segment the
°uid-associated region in 3D SD-OCT slices,11 but
this method relies on the initialization by experts.

Since then, many algorithms have been proposed
to achieve automatic segmentation. The methods
reported in Refs. 12 and 13 are both based on the
hard constrain of intensities of whole images. The
study reported in Ref. 14 proposed a 3D analysis
method to identify the °uid-¯lled regions, which
relies on the segmentation of 10 layers of the retina.
The method described in Ref. 15 achieved auto-
mated segmentation of °uid regions using neu-
trosophic sets and graph algorithms, but its key step
is the middle-layer segmentation which is easily af-
fected by pathological changes. Generally, it is dif-
¯cult to segment all retinal layers in OCT images
for various diseases. The study presented in Ref. 16
proposed an iterative high-pass ¯ltering approach
to localize the cysts, but this method is an extension
of layer segmentation. Rashno et al.17 proposed a
method in which a Kernel graph cut is used in
neutrosophic domain to segment °uid region. Chiu
et al.18 proposed a method in which segmentation of
closed-contour features in ophthalmic images is
based on graph theory and dynamic programming.
Another study used an automatic method combining
region °ooding and texture analysis to detect cysts.19

Due to the recent developments in machine
learning, more supervised and unsupervised methods
have been proposed to segment retinal °uid regions.

Many automatic segmentation methods based on
supervised learning have been developed to segment
the °uid regions, such as k-nearest neighbor classi-
¯er,20–22 kernel regression,23 random forest classi¯-
er,24,25 and Adaboost classi¯er.26 A new three-
dimensional curvelet transform-based dictionary
learning for automatic segmentation of intraretinal
cysts was also proposed.27 But the performance of
the supervised methods20–27 relies on the selection of
labels. Several methods based on deep learning have
also been proposed. A study28 proposed a convolu-
tional neural network to segment macular edema.
Venhuizen et al.29 used two FCNNs to segment the
inner retinal cysts (IRC). A deep learning encode–
decode model was also built to segment the intrar-
etinal cystoid °uid.30 Roy et al.31 built a new
framework named ReLayNet to segment the retinal
layer and °uid. Tennakoon et al.32 proposed an
encoding-decoding framework inspired by U-net to
segment retinal °uid. Girish et al.33 proposed
an FCNN method for vendor-independent IRC
segmentation. Gopinath et al.34 proposed a method
based on FCNN by selective enhancement to
segment retinal cysts. Bogunović et al.35 used a
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machine learning approach combined with an ef-
fective segmentation framework based on geodesic
graph cut to segment retinal °uid regions. Although
the methods described in Refs. 28–35 achieved good
performance, the algorithms used require devices
with high hardware performance.

Unsupervised methods have also been proposed
for segmentation of retinal °uid. Wang et al. pro-
posed an automated volumetric segmentation
method to detect retinal °uid on OCT image using
fuzzy level-set,36 but its performance on images with
unclear boundaries and irregular shape of edema
was not su±cient.

For OCT images with irregular shape edema and
unclear boundaries (shown in Fig. 2(b)), coarse
segmentation and re¯nement of boundaries are
useful. In this paper, we propose a novel automatic
algorithm based on Gaussian mixture model
(GMM) and level-set. First, the proposed method
utilizes the GMM clustering to obtain the coarse
mask and then uses the adjustable thickness-dis-
tance information to get an accurate mask for ini-
tialization of level-set. To the best of our knowledge,
this is the ¯rst study to use GMM to segment °uid
regions on OCT images. Finally, the region-based
active model is employed to re¯ne the segmenta-
tion. Spatial information is also introduced to
search for the potential °uid. Figure 1 shows the
°owchart of our method. The proposed method is
validated on the challenging dataset using DME
from patients with DR, which demonstrates that
the proposed method has a good performance on
OCT images with irregular shape edema and un-
clear boundaries (shown in Fig. 2(b)).

2. Methods

2.1. Data acquisition

In this paper, we use data comprising 10 SD-OCT
cubes from 10 eyes of 10 patients diagnosed with
DR, resulting in a total of 1280 B-scans. All cubes
were obtained using a Cirrus SD-OCT cube from
128 contiguous 512� 1024 pixel B-Scan images
(each B-Scan comprising 512 A-Scans containing
1024 pixels).

2.2. Pre-processing

SD-OCT imaging is based on the interferometric
detection of coherence optical beams which have
low temporal coherence and high spatial coherence.
Thus, SD-OCT images are obtained with speckle
noise. Speckle in SD-OCT tomograms is in°uenced
by several factors, such as the wavelength of the
imaging beam and the structural details of the im-
aged object.37 The speckle sizes di®er in the axial
and lateral dimensions, which are mainly deter-
mined by the source bandwidth and numerical ap-
erture, respectively. In addition to speckle noise,
shot noise also exists in SD-OCT images, which is
additive in nature and can be adequately described
by the additive white Gaussian noise process.38 To
solve this problem, we apply a modi¯ed bilateral
¯ltering algorithm39 to reduce noise. Compared
with the conventional denoising methods, such as
the patch-based methods40,41 or the Gaussian ¯l-
tering, this method is better for edge preservation
and has a relatively low time complexity. Moreover,
layer segmentation is an important auxiliary step

Fig. 1. Overview of the proposed method.
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for retinal cystoid segmentation, because the cysts
are located on the retinal region. Therefore, a re-
stricted region is de¯ned within the inner limiting
membrane (ILM) and Bruch's membrane for seg-
mentation of cysts. A publicly available three-di-
mensional segmentation software, Iowa reference
algorithm42,43 is used to obtain two layers: ILM
layer and inner boundary of retinal pigment epi-
thelium (IB-RPE) layer. Results of the layer seg-
mentation on normal retina and DR cases are
shown in Fig. 2, indicating that ILM layer and IB-
RPE layer are segmented e±ciently.

2.3. Cysts segmentation

First, the intensity values of each pixel in each B-
scan are clustered by GMM clustering to obtain
coarse segmentation.44 Second, the thickness-dis-
tance threshold is utilized to remove false positive
regions. Finally, the optimized level-set method
is applied to re¯ne the boundaries and spatial
information is utilized to search for potential °uid
regions.

It should be noticed that the assumption of
Gaussianity and stationarity for the signal are im-
portant in many aspects of statistical modeling in
the ¯eld of signal processing. The standard methods
in signal processing are justi¯ed based on the theory
of Gaussian Stationary Processes (GSP).45 As
reported in Ref. 46, the distribution of OCT inten-
sities in the retina should be a mixture of expo-
nentials. In Ref. 47, Gaussianization was used to

convert the probability distribution function (pdf)
of each OCT intra-retinal layer to a Gaussian dis-
tribution. Hence, it is reasonable to model the pdf of
an image such as OCT image with Gaussian func-
tion. The GMM clustering is a soft clustering
method widely used in many ¯elds with good results
including image segmentation and moving object
detection in video sequences.48 In this paper, we
postulate that the distribution of OCT intensities is
the mixture of k Gaussian functions (k ¼ 2). This
hypothesis means that the whole image can be di-
vided into two clusters, one is region of interest and
the other is the remaining regions. As shown in
Fig. 3(b), the two green lines show the intensities
distribution of regions of interest and whole B-scan
intensities. Hence, the intensity distribution of each
B-scan can be seen as the sum of k components
including target region and other regions. The
function can be de¯ned as follows:

PMðxÞ ¼
Xk
i¼1

�i�pðxj�i; �iÞ; ð1Þ

where �i is the probability of ith Gaussian function,
x represents the intensity of each pixel, �i and �i are
the parameters of ith Gaussian function. In OCT
images, cysts are similar to vitreous °uid and cho-
roid regions due to their dark or low intensity. The
intensity probability distribution of OCT image is
shown in Fig. 3, and the distribution of the whole
image is regarded as a mixture of two Gaussian
distributions (shown as Fig. 3(b)). GMM clustering
algorithm groups all pixels into k di®erent clusters

(a) (b)

Fig. 2. (a) An example of B-scan layer segmentation of normal eye showing ILM and inner boundaries of RPE (IB-RPE) and (b)
An example of abnormal eye with pathologic changes.
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based on the posterior probability of pixel belonging
to each cluster. In this work, we divided the pixels in
each OCT image into two groups on the basis of the
intensity of each pixel. The initialization of these
parameters (�i, and, �i) depends on the maximal
and minimum value of the intensities.

After GMM clustering, the cluster with mini-
mum intensity Cmin is chosen as the original seg-
mentation for subsequent processing. Given the
intensity similarity, retinal °uid vitreous and other
low intensity regions in or below retina are included
in the cluster Cmin. When the macular edema is seen
in the retina, the areas over ILM layer and below
the IB-RPE layer are removed. The cluster classi-
¯cation map which is processed by region restriction
is shown in Fig. 3(c). The retinal °uid vitreous and
other low intensity regions below retina are re-
moved based on the layer segmentation of ILM and
IB-RPE. The region of interest (ROI) (Fig. 3(c)) is
located between ILM and IB-RPE layers.

2.4. Restriction of the target region

using adjustable threshold and
thickness information

The outer nuclear layer (ONL) contains the nucleus
of cone cell and rod cell. Because of the high liquid
content in the nucleus, the signal is low in OCT
image, which limits e®ective segmentation (shown
in Fig. 3(c)). Figure 3(c) shows that the ONL pre-
sented in the map has a banding distribution along
the IB-RPE layer. The distribution of distance

between each pixel and IB-RPE layer is shown in
Fig. 4, and there is a peak distribution between 0
and 100, which is identical to the distance distri-
bution of ONL band. This distribution is used to
restrict the target region. Given that the distribu-
tion is similar to Gaussian function, this is leveraged
to threshold the distance: (1) Calculate the mean
value of the ¯rst peak. (2) Flip-duplicate the left
part of the curve using the mean value. (3) Find the
zero point of the new curve. The distance value at
the zero point is chosen as the threshold. Then, the
false lesion region is removed from the coarse seg-
mentation, as shown in Fig. 4.

There are segmentation artifacts (shown as the
red batch in Fig. 5) similar to the real retinal °uid in
size, intensity and shape. To improve the accuracy
of the algorithm, we use thickness information to
remove the false segmentation. As the °uid builds
up, the thickness of retina gradually enlarges. The
thickness information described in the function is
de¯ned as follows:

r ¼ MeanðdÞ
thickmin

;

M ¼ 1

2
� ðdmax þ dminÞ;

8><
>:

ð2Þ

where d is the distance of each pixel to the IB-RPE
layer, thick is the thickness between ILM layer and
IB-RPE layer of each batch in the map, Mean(dÞ is
the average distance. The diagrammatic drawing
is shown in Fig. 5. For this step, we set threshold
r < 4 and Mean(dÞ < M for each pixel. If the pixel

(a) (b) (c)

Fig. 3. (a) Original image, (b) The distribution histogram of image intensities. The lateral axis stands for the intensity value. The
vertical axis stands for the probability of each intensity. The blue curve stands for the intensity distribution of original whole image.
The two green curves represent Gaussian distribution G1 and G2, respectively. G1 and G2 represent the Gaussian function with
di®erent mean values, respectively. The red curve is the sum of G1 and G2 and (c) The result map of GMM clustering with region
restriction.
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satis¯es these two conditions simultaneously, the
pixel will not be regarded as °uid. The image
without thickness thresholding and the resulting
image are shown in Fig. 6.

2.5. Re¯nement of the boundaries

Level-set methods are widely used in the image
segmentation process, including nature image

segmentation and medical image segmentation. In
recent years, this method has been applied to detect
and segment abnormality in medical images. Given
that the quality of our data is not good, the seg-
mentation did not ¯t the boundaries well. In this
work, a region-based active contour model49 is ap-
plied to re¯ne the boundary of retinal °uid. The
segmentation results after removing artifacts are
used as the initialization of this level-set method.

2.6. Search for potential °uid

To overcome the break between frames, the
spatial information is used to search for potential
°uid. According to OCT imaging theory, adjacent
B-scans show adjacent parts of retina. Furthermore,
the edemas have similar locations in adjacent
B-scans. Thus, the connection within consecutive

Fig. 5. A cartoon of intraretinal cysts. The three green items
are real cysts, and the red one is a shadow.

(a) (b) (c)

Fig. 4. We have 3 sub¯gures. (a) The mask image has not been processed by distance thresholding, (b) The distance probability of
each pixel to the IB-RPE layer and (c) The image after restricting the region using distance.

(a) (b)

Fig. 6. (a) The result without thickness thresholding and (b) The image processed by thickness thresholding.
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¯ve slices is used to recognize the missing °uid
areas, de¯ned as

nmask¼maskðn�2Þþ3�maskðn�1Þþ5�maskðnÞ
þ3�maskðnþ1Þþmaskðnþ2Þ; ð3Þ

where mask (i) is the ith B-scans from 128 B-scans.
According to the di®erent weights of adjacent
images, the score of each pixel belonging to the °uid
can be calculated. The nearer the adjacent slice is
from target image, the higher its weight is. If the
score is no less than 7, the pixel is regarded as °uid.
The adjacent images do not need to be fully aligned
because Eq. (3) is used to search the intersection of
consecutive 5 slices. The outputs of this step are
used as the initialization seeds for the level-set
method. Furthermore, the level-set method will
evolve the accurate boundaries and will delete the
false regions according to the seeds. An example is
shown in Fig. 7.

3. Results

In this paper, 10 cubes are used to assess the accu-
racy and robustness of the proposed method. We
compared automatic segmentation results with
ground truth contoured by experienced graders to
show the correlation between the results obtained
by the proposed method and those of experts. A
comparison was also made between our method and
the fuzzy level-set algorithm36 to evaluate the per-
formance of the proposed method in images with

edema with unclear boundaries. As the proposed
method is based on unsupervised clustering, we also
added the comparison with classical unsupervised
clustering — K-means clustering combined with
level-set and the FCM–level-set method.36 To
evaluate the contribution of the adjustable dis-
tance-thickness threshold combined with spatial
information, we compared the proposed method
with using GMM clustering and region restriction
(GMMR) approaches. The performance of the pro-
posed method is measured from qualitative and
quantitative experiments.

3.1. Qualitative results

Wang's method36 is used to test our datasets and to
compare the performance of this method and the
proposed method. In Wang's method,36 they used
images acquired by Optovue SD-OCT system, of
which the image is a real three-dimensional with
high quality. The sweep spacing of Cirrus device is
longer than that of Optovue due to di®erences in
the SD-OCT system. Hence, the voting of three
directions is not suitable to our data, and the FCM-
level-set segmentation in one direction is therefore
used for comparison. At the same time, the GMMR
method is used to test our datasets to compare
the bene¯ts of our method with Wang's method.
Figure 8 shows the comparison among the three
methods and manual segmentation. Figure 9 shows
a three-dimensional visualization of °uid segmen-
tation using the proposed method.

Fig. 7. The third image with green contour is the coarse segmentation. The right one with pink box is the result obtained from
searching for undetected °uid areas using spatial information.
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3.2. Quantitative results

Three criteria are utilized to evaluate the segmen-
tations quantitatively, including dice similarity co-
e±cient, true positive error and false positive error.
The Dice similarity coe±cient is as follows:

DSC ¼ 2 � ðVa \ VmÞ
Va [ Vm

����
����; ð4Þ

where Va stands for our automatic segmentation
results, Vm is the ground truth that is contoured by
experienced grader. The Dice coe±cient ranges from
0 to 1, where 0 suggests the two results are
completely di®erent and 1 denotes that they are
similar. True positive error de¯ned as Eq. (5)
denotes the rate of correctly detected area. False
positive error de¯ned as function Eq. (6) indicates

Fig. 8. The results of experts, our method, fuzzy level-set method and GMMR for four di®erent B-scans. Pictures on the ¯rst
column are manual segmentation shown as red contours. The second column shows the result of FCM–level-set as green contours.
The third column shows the results of our method as blue contours. The last column are the results of GMMR.
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the fraction of incorrectly detected area.

TPVF ¼ jVaj \ jVmj
jVmj

; ð5Þ

FPVF ¼ jVaj � jVaj \ jVmj
jV j � jVmj

: ð6Þ

Quantitative experiments are conducted to de-
termine how the proposed method compares with
the manual grading. In Table 1, the mean and
standard deviation of TPVF, FPVF and DSC for
segmentation by GMM, GMMR, GMMR–level-set
and our proposed method are determined to evalu-
ate the e®ect of each step of the proposed method.
GMM compared with the proposed method means
that we only use the GMM method to achieve °uid
segmentation. GMMR indicates that ¯rstly the
GMM is used to achieve the coarse segmentation,
and then the areas above ILM layer and below IB-
RPE layer are removed. GMMR–level-set stands for
the combination of GMMR and level-set. Because
the gray scale distribution of the background is
similar to that of the edema, many background
pixels are mistaken as edema, resulting in very low
accuracy, so we introduce the area limitation and
thickness constraint to improve the accuracy. By
comparing GMM and GMMR, we can summarize
that the use of region constraint helps to improve
the DSC and depress the FPVF. The use of level-set
method greatly improved the TPVF, which could
be known by comparing GMMR and GMMR–level-
set. Although the mean TPVF of the proposed

method is slightly lower than that of GMM, the
propose method is generally superior to the other
three algorithms, so this conclusion could be sum-
marized by its lowest FPVF, highest DSC. There-
fore, we introduced the region limitation and
thickness constraint to improve the accuracy. The
value for DSC in GMM (Table 1) is small because
the results by GMM include the areas above the
ILM layer and below the IB-RPE. The FCM–level-
set method and K-means–level-set method are also
compared with our proposed method shown as
Fig. 10. The K-means–level-set method is the
combination of K-means and level-set, and contains
the step of removing areas which are above the ILM
layer and below IB-RPE layer. From left to right,
the three pictures represent the box plots of DSC,
TPVF and FPVF, respectively. According to
Fig. 10, the proposed method shows better stability
than the other three methods. Due to the distance
and thickness restrictions, real °uid regions may be
omitted by mistake in the proposed method, hence
the mean TPVF of the proposed method is lower
compared with that of the FCM–level -set, but our
method has the smallest standard deviation. The
mean DSC of our method is higher than the other
three algorithms and it has the smallest standard
deviation. Although the TPVF in K-means–level-
set is much higher, the DSC in K-means–level-set is
the lowest. As a result, the proposed method shows
good performance and stability in intraretinal
cystoid macular edema segmentation. Due to the
low quality of our data, the DSC of the three

Fig. 9. 3D visualization of retinal °uid segmentation in the whole SD-OCT volume.

Table 1. Mean � standard deviation of TPVF, FPVF and DSC for segmentation by our
proposed method, GMM, GMMR, GMMR–level-set.

The proposed method GMM GMMR GMMR–level-set

TPVF (%) 82.20 � 2.81 68.89 � 5.55 68.27 � 5.13 84.73 � 2.88
FPVF (%) 1.38 � 0.56 68.38 � 2.76 3.90 � 2.26 4.61 � 2.52
DSC (%) 74.89 � 3.91 1.17 � 0.54 50.42 � 14.80 54.75 � 15.32

Automated segmentation of intraretinal cystoid macular edema based on GMM
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methods is low. Figure 11 shows the consistency
between manual segmentation and our method.
Analysis of the Bland–Altman plots reveals that the
100% limits of agreement were [�0:22, 0.07] for the
proposed algorithm and that of the expert.

4. Discussion

This paper proposes a novel method to automati-
cally segment DME in low quality images, which
includes four steps: (1) Denoising the image and
segmenting retinal layers; (2) Recognizing retinal
°uid using GMM clustering; (3) Restricting the re-
gion using thickness-distance threshold; (4) Re¯n-
ing the segmentation using level-set and spatial
information. The GMM clustering step is used to

classify all pixels in each B-scan so that the candi-
date pixels are clustered. The novelties can be
summarized as follows: (1) It is the ¯rst attempt to
use GMM clustering to segment retinal edema.
The results show that it is e®ective in segmenting
OCT images. (2) We introduce the adjustable
threshold to constrain the ROI independent of the
hard constrain. (3) Spatial information between con-
secutive ¯ve frames is used to search for the potential
°uid. These steps are combined to realize the whole
segmentation. In this method, multiple parameters
are applied including intensity, thickness-distance
threshold and spatial information which overcomes
the limitations of using image intensities only, and the
use of morphological operation. The distance infor-
mation is used by ¯tting the distance distribution.

Fig. 10. Comparison of four algorithms with three evaluation methods. The red box indicates the comparison between manual and
K-means–level-set. The yellow box stands for the proposed method. The green is for the FCM–level-set. The blue is for the GMMR.

(a) (b)

Fig. 11. (a) is the linear regression analysis comparing °uid volumes between the proposed algorithm and the expert and (b) is the
Bland-Altman plot of the °uid volume between the proposed algorithm and the expert.
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The experimental results demonstrate that the
proposed method can detect the intraretinal cystoid
macular in low quality images and is comparable
with manual grading. Figures 8, 2(c), 2(d), 4(c)
and 4(d) show that the FCM–level-set method and
GMMR mistook the artifacts as the °uid. Although
all the three methods achieved the segmentation
of retinal °uid, the boundaries of FCM method
shown in Fig. 8(2b) and GMMR shown in Fig. 8(4b)
are not smooth. The proposed method matches
smoothly with the manual segmentation. The
quantitative results in Table 1 show the perfor-
mance and the e®ect of each step of the proposed
method. Figure 10 shows the performance and sta-
bility of the proposed method compared with FCM–

level-set, K-means–level-set and GMMR. Figure 11
shows the consistency between the proposed meth-
od and manual segmentation.

One limitation of the proposed method is that it
relies on the layer segmentation. Although we used
ILM and IB-RPE layers, the accuracy of these two
layers may in°uence the results. Segmentation of
IB-RPE may a®ect the threshold of distance. As the
disease progresses, some colobomas may occur in
ILM which will obscure the boundary of ILM, thus
the °uid below the ILM will be regarded as vitreous
°uid. This will increase the false negative rates and
decrease the DSC.

Our group plans to improve the GMMmethod to
achieve more accurate segmentation results. We
shall do this by using more features like texture and
location information to improve the speci¯city of
°uid areas. In addition, we would leverage the
advantages of features at di®erent resolution. Fi-
nally, we plan to re¯ne the iteration function to
recuse the cost of time, at the same time enhance
the accuracy of initialization.
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