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Pigment epithelium detachment (PED) is an important clinical manifestation of multiple chorioretinal
diseases, which can cause loss of central vision. In this paper, an automated framework is proposed to
segment serous PED in SD-OCT images. The proposed framework consists of four main steps: first, a
multi-scale graph search method is applied to segment abnormal retinal layers; second, an effective
AdaBoost method is applied to refine the initial segmented regions based on 62 extracted features;
third, a shape-constrained graph cut method is applied to segment serous PED, in which the foreground
and background seeds are obtained automatically; finally, an adaptive structure elements based
morphology method is applied to remove false positive segmented regions. The proposed framework
was tested on 25 SD-OCT volumes from 25 patients diagnosed with serous PED. The average true
positive volume fraction (TPVF), false positive volume fraction (FPVF), dice similarity coefficient (DSC)
and positive predictive value (PPV) are 90.08%, 0.22%, 91.20% and 92.62%, respectively. The proposed
framework can provide clinicians with accurate quantitative information, including shape, size and
position of the PED region, which can assist clinical diagnosis and treatment.

Optical coherence tomography (OCT) was first introduced in 1991 by Huang et al.!. Recently, spectral domain
(SD) OCT has been used in diagnosis of many ocular diseases, including age-related macular degeneration
(AMD), glaucoma and diabetic macular edema®. SD-OCT has many advantages comparing to traditional OCT,
such as high resolution, real 3D volumetric image of retina and manifestation of more comprehensive ana-
tomical structures. PED is an important feature of several chorioretinal diseases, such as, AMD, central serous
chorioretinopathy and polypoidal choroidal vasculopathy>*. PED can cause damage to central vision finally>®.
Generally, PED can be classified into three types: serous, drusenoid and fibrovascular. Though the three types of
PED share several basic similarities, there are many distinct differences in clinical and prognostic aspects. For
example, the serous PED tends to be a smooth, arch-like shape region with retinal pigment epithelium (RPE)
deformation®. As shown in Fig. 1, the serous PED region is located between RPE floor and Bruch’s membrane
(BM). Quantitative information of serous PED, including accurate boundary, size, position and total number,
is important for diagnosis and treatment of the relevant retinal diseases. Therefore, automatic segmentation for
serous PED objects in SD-OCT is of great clinical significance.

However, automatic segmentation for abnormal retinal structures still remains a challenging task. There are
two critical problems for this task. First, the retinal morphology and intensity may have changed severely result-
ing from the abnormal structures. Therefore, the prior knowledge about morphological and optical features used
for normal retinal image segmentation may not be valid. Second, the segmentation performance is affected by

. the blurred boundary, various shapes and random position of the abnormal structures. For retinal images anal-
© ysis, an important pre-processing step for region segmentation is retinal layers segmentation. The retinal lay-
. ers segmentation result can serve as constraints for automatic detection or segmentation of the abnormalities.
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Figure 1. A cross-sectional (B-scan) image of spectral domain optical coherence tomography with serous
pigment epithelium detachment.

Previously, many effective methods for automatic retinal layers segmentation on normal retinal images have
been reported’-!!. However, those segmentation methods tend to fail when the retina has serious deformation.
Then some works aimed to segment abnormal retinal layers with relatively serious deformation of retinal struc-
tures!'?~16. The method in ref. 15 reported good performance of segmenting abnormal retinal layers, however, the
accuracy of segmenting abnormal regions still can be improved.

Previously, some related works have been presented for detecting or segmenting retinal abnormalities.
Fernandez used a deformable model to roughly outline the fluid-filled regions from AMD patients, but its initiali-
zation result was obtained manually in 2D OCT images'. Ahlers et al. detected the location and measured the vol-
ume of the fibrovascular PED by using the high-definition OCT tool'®. Quellec et al. detected automatically the 2D
footprints of the symptomatic exudate-associated derangements (SEAD) in SD-OCT images by using a classifica-
tion method, and used an interactive computer-aided method to define the 3D SEADY. Dolejsi et al. segmented
semi-automatically the 3D SEADs associated with wet AMD by using a two-step segmentation method, and its
initialization result was obtained manually?. Gregori et al. measured the drusen area and volume in eyes with
non-exudative AMD from 74 patients by using the SD-OCT imaging®'. Penha et al. measured the PED area and
volume by using the Cirrus SD-OCT imaging system and its automatic measurement algorithm?. Wilkins et al.
used a retinal cyst segmentation technique to segment cystoids fluid regions automatically in OCT images?’. Chen
et al. used an automated framework to segment 3D SEADs in macula-centered 3D OCT images'. Zheng et al.
used an interactive segmentation method to quantify the intraretinal and subretinal fluids in retinal SD-OCT
volume scans from 37 patients with exudative AMD?*. Ding et al. detected the sub-retinal fluid and sub-retinal
pigment epithelium fluid automatically by using a segmentation learning pipeline?.

However, although the above related works have been reported in recent years, the automatic segmentation for
PED is still a challenging problem. The severe deformation, various shapes and random position of serous PED
make automatic segmentation even more difficult. In this paper, we propose an automated framework to segment
serous PED by effectively combining the multi-scale graph search, shape-constrained graph cut and mathematical
morphology algorithm. The proposed framework can provide clinicians with accurate quantitative information,
including shape, size and position of the PED region, which can assist diagnosis and treatment.

The contributions of this work are summarized as follows. (1) A novel automated framework is proposed for
3D serous PED segmentation in SD-OCT images, and the segmentation result demonstrates the efficiency and
feasibility of the proposed framework. (2) The foreground and background seeds used in the shape-constrained
graph cut algorithm are obtained automatically, which makes the proposed framework automatic. (3) An effective
AdaBoost method is applied to remove false positive segmented regions in the initial segmentation results. (4)
The mathematical morphology method is applied to refine the automatic segmentation result obtained from the
shape-constrained graph cut method, in which the structure element is chosen adaptively.

Results

Dataset. The proposed framework was tested on a dataset of 25 SD-OCT images from 25 patients diagnosed
with serous PED. Those SD-OCT images were obtained using the Topcon 3D-OCT 1000 (Topcon corporation,
Tokyo, Japan). Each SD-OCT volume contains 512 x 64 x 480 voxels with a corresponding voxel size of 11.72 1
m X 93.75pm x 3.50 pm.

Automatic segmentation result of the proposed framework. Figure 2 shows the final automatic seg-
mentation results on B-scans of different SD-OCT images. The first column shows small serous PED regions; the
second column shows medium serous PED regions; the third column shows big serous PED regions; and the last
column shows not only serous PED but also other co-existed fluid-associated abnormalities. The serous PEDs in
the last column with other complications are more challenging to get accurate segmented regions, because those
fluid-filled regions with similar intensity need to be distinguished from serous PED regions. Figure 3 shows two
examples of the 3D visualization of the serous PED segmentation results, which provide stereoscopic information
of serous PED:s for doctors.

Comparison of segmentation performance. Table 1 shows the segmentation performance. The mean
and standard deviation of TPVE, FPVE DSC and PPV, defined by Equation (1)-(4), of the proposed framework
are about 90.08% =+ 5.31%, 0.22% =+ 0.38%, 91.20% + 3.77% and 92.62% =+ 4.73%, respectively.
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subjects.

Figure 3. 3D visualization of the serous pigment epithelium detachment segmentation results. The red
regions represent the segmented serous pigment epithelium detachment, green surfaces represent the internal
limiting membrane surface and blue surfaces represent the Bruch’s membrane surface.
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True positive False positive Dice similarity Positive predictive
volume fraction (%) | volume fraction (%) | coefficient (%) value (%)
Initial result 96.00 £ 5.06 1.954+2.30 59.00 £ 28.05 48.94429.05
Result in ref. 15 87.10+21.70 0.37+0.54 83.75+£20.22 81.20£20.20
Ground truth II 97.46 £ 2.61 0.21+0.35 94.73+£2.12 92.20£2.76
Proposed method 90.08+5.31 0.22+0.38 91.20+3.77 92.62+4.73

Table 1. Mean =+ standard deviation of the serous pigment epithelium detachment segmentation result
using the ground truth I as the reference.

A A
Vo — Vgl (2)
DSC =2 x M
V4 U Vgl 3)
ppV:A
TP FP
Vel U [Vip| (4)

where|V,|,|V;|and |V, | are the volume in the automatic segmentation result, ground truth and the total retina
volume between the ILM and BM retinal layer, respectively. | V;;, | indicates the volume of the true positive seg-
mented regions and |V, | indicates the volume of the false positive segmented regions.

Comparing to the initial segmentation results, the final segmentation results show statically significantly
higher FPVE, DSC and PPV (p < 0.05). Although the initial segmentation results get high TPVE, its segmen-
tation results tend to have many false positive segmented regions. Therefore, both DSC and PPV are lower
(see Table 1). Comparing to the segmentation results in ref. 15, the final segmentation results show slight higher
TPVE (p=0.326), and show statically significantly higher FPVE, DSC and PPV (p < 0.05). Figure 4 shows the
linear regression analysis results and the Bland-Altman plots for the automatic segmentation results versus the
ground truth I, the automatic segmentation results versus the ground truth II and the ground truth I versus the
ground truth II, respectively. The figure demonstrates that: (1) A high correlation is obtained comparing the
ground truth I to the ground truth II (R?= 0.9991); (2) The automatic segmentation results have strong correla-
tion with the ground truth I (R?=0.9991) and the ground truth IT (R*= 0.9976). Therefore, the automatic seg-
mentation results from the proposed framework can replace the expert manual labeling; (3) The Bland-Altman
figures reveal that the 95% limits of agreement are [—0.07, 0.05], [—0.15, 0.09] and [—0.08, 0.05] for the auto-
matic segmentation results versus the ground truth I, the automatic segmentation results versus the ground truth
IT and the ground truth I versus the ground truth I, respectively.

Discussion

In this paper, an automated framework is proposed for 3D serous PED segmentation in SD-OCT images, which
effectively combines the multi-scale graph search, shape-constrained graph cut and mathematical morphology
algorithm. The novelties of this work lie in: (1) an effective AdaBoost algorithm is applied to remove false posi-
tive segmented regions in the initial segmentation results; (2) the foreground and background seeds used in the
shape-constrained graph cut method are obtained automatically, which makes the proposed framework auto-
matic; (3) an adaptive structure elements based mathematical morphology method is applied to refine the auto-
matic segmentation results. The proposed framework was tested on 25 SD-OCT data from 25 patients diagnosed
with serous PED. In term of accuracy, the mean and standard deviation of TPVE, FPVFE, DSC and PPV for the
proposed framework are about 90.08% =+ 5.31%, 0.22% = 0.38%, 91.20% =+ 3.77% and 92.62% + 4.73%, respec-
tively. Furthermore, the linear regression analysis shows a strong correlation comparing the automatic segmented
PED to the ground truth I (R*=0.9991) and ground truth IT (R*=0.9976), respectively.

One limitation of the proposed framework is that feature extraction is implemented in 2D. Because of the large
variability in shape, size, position, and number of serous PED regions in different B-scans, extracting features is
implemented B-scan by B-scan, which allows the abrupt change of serous PED regions properties.

The future work will be focused on three aspects to improve the framework. First, for large varied abnormities
in retina, a more robust multi-scale graph search algorithm is needed to segment retinal layers, which allows the
abrupt structure deformation in SD-OCT images. Second, the feature extraction can be extended to 3D to obtain
more context information. Third, this work can be extended for more complicated pathological cases with RPE
floor deformation or other co-existed fluid-filled abnormalities located above RPE floor, such as, choroidal neo-
vascularization (CNV) segmentation.

In summary, an automated framework is proposed for 3D serous PED segmentation in SD-OCT images. As
an efficient replacement of manual segmentation, the proposed framework can provide clinicians with accurate
quantitative information, including shape, size and position of the PED regions, which can assist diagnosis and
treatment.
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Figure 4. Correlation (a) and agreement (b) of the volume of retinal pigment epithelium detachment measured
by automatic segmentation result and ground truth I. Correlation (c) and agreement (d) of the volume of retinal
pigment epithelium detachment measured by automatic segmentation result and ground truth II. Correlation (e)
and agreement (f) of the volume of retinal pigment epithelium detachment measured by ground truth I and IL

Methods

Method overview. The proposed framework includes three major parts: pre-processing, segmentation and
post-processing (see the flowchart in Fig. 5). For pre-processing, an improved curvature anisotropic diffusion
filter is applied to remove speckle noise. For segmentation, first, the multi-scale graph search method is applied
to segment abnormal retinal layers associated with RPE floor deformation. During this process, BM is estimated
with convex hull algorithm; second, 62 features are extracted for classification and then an AdaBoost classifier is
applied to remove false positive initial segmented regions; third, the serous PED regions are segmented by using
the shape-constrained graph cut method, in which foreground and background seeds are obtained automatically.
For post-processing, an adaptive structure elements based mathematical morphology method is applied to refine
the automatic segmentation results.

Denoising. Speckle noise and artifacts are the dominant factors for image quality degrading in SD-OCT
scans. For poor quality retinal images, the efficiency and accuracy of the segmentation algorithm can decrease
greatly. The curvature anisotropic diffusion filter can remove speckle noise and artifacts effectively and preserve
the image boundary well at the same time. Comparing to the typical curvature anisotropic diffusion filtering
method, a modified curvature diffusion equation (MCDE) is defined as follows>?’.
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Figure 6. A cross sectional image before (a) and after (b) denoising.
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where f is the output image, f is the input image, V is the gradient operation, and c is the conductance function.
The conductance represents the gradient magnitude of each pixel in the image, and it is used to reduce the diffu-
sion strength of edge pixels. The denoised result is shown in Fig. 6 (b). Comparing to the original image in
Fig. 6 (a), the speckle noise is suppressed effectively while the edges are preserved well, which helps abnormal
retinal layers segmentation.

Multi-scale graph search. The 3D graph search algorithm proposed by Li et al. for optimal surface seg-
mentation?, has been used for normal retinal layers segmentation. However, for abnormal retina with PED, the
serious deformation of RPE floor and blurred boundary of retinal layers can cause great difficulties for retinal
layers segmentation'®. In order to solve this problem, in this paper, a multi-scale graph search algorithm is applied
for serous PED retinal layers segmentation. The 3D SD-OCT image is down-sampled by a factor of 2 twice in the
vertical direction to form three scales: the lowest resolution, the medium resolution and the highest resolution.
Then, a single surface graph search method is applied in three scales from low resolution to high resolution scale.
The surface location in the lower resolution can serve as a position constraint for optimal surface location in
the higher resolution scale. The multi-scale method greatly reduces the searching space of the optimization step
and therefore enhances the segmentation efficiency. Three retinal surfaces are segmented by using single surface
graph search method, namely, the inner limited membrane (ILM), roof of photoreceptor ellipsoid zone and RPE
floor. The ILM and roof of photoreceptor ellipsoid zone have the dark-to-bright transition, while RPE floor has
the bright-to-dark transition. First, with the most prominent edge in the SD-OCT image, the ILM is segmented,
because its characteristic is not severely affected by the presence of serous PED. Second, the roof of photoreceptor
ellipsoid zone and RPE floor are segmented respectively based on the position constraints provided by previous
segmented retinal surfaces. Both roof of photoreceptor ellipsoid zone and RPE floor tend to have abrupt shape
change with arch-like shape for serous PED. Therefore, a larger smoothness constraint should be set to capture
those abrupt shape changes, which is different from normal retinal surfaces segmentation'>'®.

Finally, BM under RPE floor, which is not distinct in SD-OCT images, is estimated from the RPE floor by
finding the lower boundary of its convex hull. For a finite point set P={p, p,, ..., Po ---» Pn}> the convex hull of
P is a minimum convex polygon that wraps P. Figure 7 shows the result of retinal layers segmentation with four
retinal surfaces and its 3D visualization. After getting the four retinal surfaces, the region between the RPE floor
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Figure 7. The result of retinal layers segmentation. (a) The 2D visualization on a B-scan. The green line, red
line, yellow line and blue line represent the internal limiting membrane, roof of photoreceptor ellipsoid zone,
RPE floor and Bruch’s membrane, respectively; (b) The 3D visualization of four segmented retinal surfaces.

Figure 8. The experimental results at different phrases. (a) is one example of the original images, (b) is one
example of the initial segmentation results, (c) is one example of the classification results, (d) is one example of
the segmentation results obtained by using the shape-constrained graph cut method, (e) is one example of the
morphological operation results, and (f) is one example of the ground truths.

and BM is defined as the initial segmentation result for serous PED. Figure 8 (b) shows one example of the initial
segmentation results by overlaying the segmented result on the original image, in which the red regions are the
segmented serous PED regions. Some initial segmentation results may not be accurate due to the possible error
in RPE floor segmentation and BM estimation resulting from the blurred retinal layers boundary in the original
images. Some false positive segmented regions can be removed by latter classification method.

Feature extraction. Robust features are critical for successfully segmenting abnormal structures in medical
images®. In this paper, because of the noise, artifact, blurred boundary and serious deformation of abnormal
retinal structures, extracting useful features is a difficult task. Furthermore, variability in shape, size, position,
number and texture properties of serous PED further makes the search for robust features more complicated. The
shape, intensity and texture features are extracted for serous PED in SD-OCT images. The features are extracted
based on the initial segmentation results for each segmented region. Feature 1 to 17 are the area, perimeter, major
axis length, minor axis length, major axis length/minor axis length, perimeter/area, eccentricity, orientation,
Euler number, the number of bright pixels in the segmented region, the diameter of a circle with the same area as
the segmented region, solidity, extent, convex hull area, max intensity, min intensity and mean intensity. Feature
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18 to 21 are distance from the centroid to retinal surface ILM, roof of photoreceptor ellipsoid zone, RPE floor and
BM. Feature 22 to 28 are the coordinates and intensity of the centroid, and the coordinates of the min rectangle
wrapping the segmented region. Feature 29 to 52 are the coordinates and intensity of the extremum points in
eight different directions. Feature 53 to 62 are regional mean of two eigenvalues of the Hessian matrix at scale 1,
3,6, 9 and 14. In this paper, feature extraction is implemented on 2D slices automatically, allowing the variability
in shape, size, position and number of serous PED regions in different B-scans.

Classification. In this paper, only the serous PED region and background will be distinguished. Therefore it
is a two-class classification problem.

An AdaBoost classifier is applied to distinguish serous PED object from background. All training samples will
be set with an original weight respectively at the beginning. The original weight will be updated with the principle
that the weight of wrong classified sample increases while the weight of correct classified sample decreases for the
next training®'. Finally, a high-performance strong classifier will be trained by combining the weighted value of a
set of weak classifiers. The AdaBoost classification algorithm is described as Pseudo-code 1.

Figure 8 (c) shows one example of the classification results. Some false positive segmented regions are removed
by the trained AdaBoost classifier comparing to the initial segmentation results in Fig. 8 (b). After removing the
false positive segmented regions, the refined initial segmentation results will be used to obtain foreground and
background seeds automatically, which help to segment serous PED by using the shape-constrained graph cut
algorithm.

Pseudo-code 1. AdaBoost classification algorithm:

Input: The initial segmentation results and the extracted features.

Begin

(1) Assign an original weight for each training sample;

(2) Train a weak classifier and compute the error rate and weighted value of the weak classifier;

(3) Update the weight of training sample with the principle that the weight of wrong classified sample increases
and the weight of correct classified sample decreases;

(4) Repeat 2) to get N weak classifiers;

(5) Combine the weighted value of N weak classifiers to constitute a strong classifier.

End
Output: The refined initial segmentation results.

Shape-constrained graph cut. The graph cut method has been used widely for the region object segmen-
tation®*7, which is formulated as an energy minimization problem by using min-cut/max-flow algorithm?®-.
For the graph cut method, an important step is to obtain foreground and background seeds. Traditionally, the
seeds are labeled manually. In this paper, the seeds are obtained automatically by the mathematical morphology
operations based on the refined initial segmentation results. The erosion operation is applied to obtain fore-
ground seeds, and the dilation operation is applied to obtain background seeds. More details about the mathemat-
ical morphology method will be introduced in section Mathematical morphology. In this paper, the cost function
for the shape- constrained graph cut has three parts, including the region term, the boundary term and the shape
term, defined as follows:

E (total) = E (region) + E (boundary) + E (shape) (6)

where E ('total) is the total cost, E (region ) is the cost associated with the voxel intensity value, E (boundary) is
the cost associated with the intensity gradient, and E (shape ) is the cost associated with the shape of serous PED.
Comparing to the typical graph cut cost function, the shape term is added in this paper.

E(total) = Z(O‘'Rp(fp)“LB'SP(fP))+ 2 7'BI’>‘1(f1>’fq)
P

peP €P,geN, (7)

d (p, Regionpgp)
S =1—exp| ———=——=>
P(fp) Xp[ Radiuspgp,

(8

where P and N, are the set of pixels, p and g are pixel in P and N, respectively, and p is the neighborhood of g. f,
and f, are label assigned top and g respectively. R,(f,), the region term, is a cost based on the voxel intensity value.
B, ,(f» f), the boundary term, is the cost based on the gradient of the image intensity. S,(f,), the shape term, is the
cost based on the shape of serous PED. d (p, Regionpyy, ) is a distance from pixel pto the PED region. The linear
time method in ref. 40 is applied to compute d (p, Regionpg, ), and defining that if p belongs to Regionpg, , then
d (p, Regionpg,) = 0. Radiuspgy, is the radius of a circle that just encloses Regionpgy,. The o, 3 and +y are three
weights for R(f,), S,(f,) and B ,(f,, f,) respectively, satisfyinga + 3 + v = 1. Only o and (3 are estimated using
the gradient descent method in ref. 41 and set v = 1—«—(. In this paper, the shape-constrained graph cut
method is implemented after non-linear brightness curve transform based on the retinal layers segmentation
results in SD-OCT images*?. Figure 8 (d) shows one example of the segmented serous PED regions obtained by
the shape-constrained graph cut method and the red regions are the segmented regions.
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Mathematical morphology. The mathematical morphology is applied for obtaining foreground seeds,
background seeds and refining the automatic segmentation results in this paper. The critical step of mathematical
morphology is to choose appropriate structure element (SE), which decides the performance of morphological
operations. The shape and size are two important properties of SE. The shape of SE can be defined as rectangle,
disk, diamond or ball etc, and its size also has multiple choices. Single SE is not enough for abnormal retinal
images processing with serous PEDs, which have various shapes, sizes and positions. In this paper, a multiple SE
morphology method is applied to refine the serous PED automatic segmentation result, which allows the varia-
bility in shape, size and position of serous PED. The basic principle of multiple SE is to construct different SE with
different size while preserving the same shape based on the segmented PED regions. The shape and size of SE are
designed based on the extracted shape features, such as, the major axis length, minor axis length and area etc. In
this paper, the shape of SE is defined as ball and its radius is defined as follows:

e
4T )

where V is the volume of the segmented PED region, r is the radius of SE, and ¢ is a coefficient. By adaptively
choosing the radius of SE, the erosion operation is applied to obtain foreground seeds (c = 0.143), and the dilation
operation is applied to obtain background seeds (¢ = 1.143) based on the refined initial segmentation results. The
obtained foreground and background seeds are used in the shape-constrained graph cut method.

Because the abnormal retinal images tend to have blurred boundary and serious deformation in roof of pho-
toreceptor ellipsoid zone and RPE floor, the automatic segmentation results may have some spurs, grooves or
isolated points. In this paper, the reconstruction operation and closing operation are implemented to refine the
automatic segmentation results obtained from the shape-constrained graph cut method*. The SE is also set as ball
with adaptive radiuses as in Equation (9) for reconstruction operation (¢ = 0.200) and closing operation
(¢ =0.700). Figure 8 (e) shows one example of the morphology operation results. Comparing to Fig. 8 (d), some
spurs and isolated points are removed, and some grooves are filled up.

r=c-

Evaluation of segmentation performance. In order to evaluate the segmentation performance, the
automatic segmentation result is compared to ground truth, the initial segmentation result and the segmentation
result in ref. 15. Paired t-test is applied to compute the p value and a p value less than 0.05 is considered statis-
tically significant. Four indices are chosen to assess the automatic segmentation performance, including TPVE,
FPVE DSC and PPV.

References
1. Huang, D. et al. Optical coherence tomography. Science 254, 1178-1181 (1991).
2. Cukras, C. et al. Optical coherence tomography-based decision making in exudative age-related macular degeneration: comparison
of time vs spectral- domain devices. Eye 24, 775-783 (2010).
3. Zayit-Soudry, S., Moroz, I. & Loewenstein, A. Retinal pigment epithelial detachment. Surv Ophthalmol 52, 227-243 (2007).
4. Lommatzsch, A., Helmes, B., Gutfleisch, M. & Spital, G. Serous pigment epithelial detachment in age-related macular degeneration:
comparison of different treatments. Eye 23, 2163-2168 (2009).
5. Mrejen, S., Sarraf, D., Mukkamala, S. K. & Freund, K. B. Multimodal imaging of pigment epithelial detachment: a guide to
evaluation. Retina 33, 1735-1762 (2013).
6. Keane, P. A. et al. Evaluation of age-related macular degeneration with optical coherence tomography. Surv Ophthalmol 57, 389-414
(2012).
7. Garvin, M. K. et al. Intraretinal layer segmentation of macular optical coherence tomography images using optimal 3-D graph
search. IEEE Trans Med Imaging 27, 1495-1505 (2008).
8. Garvin, M. K. et al. Automated 3-D intraretinal layer segmentation of macular spectral-domain optical coherence tomography
images. [EEE Trans Med Imaging 28, 1436-1447 (2009).
9. Song, Q. et al. Optimal multiple surface segmentation with shape and context priors. IEEE Trans Med Imaging 32, 376-386 (2013).
10. Kafieh, R., Rabbani, H., Abramoff, M. D. & Sonka, M. Intra-retinal layer segmentation of 3D optical coherence tomography using
coarse grained diffusion map. Med Image Anal 17, 907-928 (2013).
11. Lang, A. et al. Retinal layer segmentation of macular OCT images using boundary classification. Biomed Opt Express 4, 1133-1152
(2013).
12. Lee, K. M. et al. Segmentation of the optic disc in 3-D OCT scans of the optic nerve head. IEEE Trans Med Imaging 29, 159-168
(2010).
13. Chen, X. et al. 3D segmentation of fluid-associated abnormalities in retinal OCT: probability constrained graph-search-graph-cut.
IEEE Trans Med Imaging 31, 1521-1531 (2012).
14. Chen, H. et al. Quantitative analysis of retinal layers’ optical intensities on 3D optical coherence tomography for central retinal
artery occlusion. Sci Rep 5, 9269 (2015).
15. Shi, E et al. Automated 3-D retinal layer segmentation of macular optical coherence tomography images with serous pigment
epithelial detachments. IEEE Trans Med Imaging 34, 441-452 (2015).
16. Sun, Z., Shi, E, Xiang, D., Chen, H. & Chen, X. Automated segmentation of serous pigment epithelium detachment in SD-OCT
images. SPIE Medical Image 2015 (2015).
17. Fernandez, D. C. Delineating fluid-filled region boundaries in optical coherence tomography images of the retina. IEEE Trans Med
Imaging 24, 929-945 (2005).
18. Ahlers, C. ef al. Automatic segmentation in three-dimensional analysis of fibrovascular pigment epithelial detachment using high-
definition optical coherence tomography. Brit ] Ophthalmol 92, 197-203 (2007).
19. Quellec, G. et al. Three-dimensional analysis of retinal layer texture: identification of fluid-filled regions in SD-OCT of the macula.
IEEE Trans Med Imaging 29, 1321-1330 (2010).
20. Dolejsi, M., Abramoff, M. D., Sonka, M. & Kybic, J. Semi-automated segmentation of symptomatic exudate-associated derangements
(SEADs) in 3D OCT using layer segmentation. Biosignal (2010).
21. Gregori, G., Wang, F. & Rosenfeld, P. J. Spectral domain optical coherence tomography imaging of drusen in nonexudative age-
related macular degeneration. Ophthalmology 118, 1373-1379 (2011).
22. Penha, F. M. et al. Quantitative imaging of retinal pigment epithelial detachments using spectral-domain optical coherence
tomography. Am J Ophthalmol 153, 515-523 (2012).

SCIENTIFICREPORTS | 6:21739| DOI: 10.1038/srep21739 9


https://www.researchgate.net/publication/6251742_Optical_coherence_tomography_not_ocular_coherence_tomography?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/6356851_Retinal_Pigment_Epithelial_Detachment?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/23983659_Serous_pigment_epithelial_detachment_in_age-related_macular_degeneration_Comparison_of_different_treatments?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/23983659_Serous_pigment_epithelial_detachment_in_age-related_macular_degeneration_Comparison_of_different_treatments?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/250924521_Multimodal_imaging_of_pigment_epithelial_detachment_A_guide_to_evaluation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/250924521_Multimodal_imaging_of_pigment_epithelial_detachment_A_guide_to_evaluation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/248383424_Intra-Retinal_Layer_Segmentation_of_3D_Optical_Coherence_Tomography_Using_Coarse_Grained_Diffusion_Map?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/248383424_Intra-Retinal_Layer_Segmentation_of_3D_Optical_Coherence_Tomography_Using_Coarse_Grained_Diffusion_Map?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/283757157_Automated_segmentation_of_serous_pigment_epithelium_detachment_in_SD-OCT_images?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/283757157_Automated_segmentation_of_serous_pigment_epithelium_detachment_in_SD-OCT_images?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7668733_Delineating_fluid-filled_region_boundaries_in_optical_coherence_tomography_images_of_the_retina?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7668733_Delineating_fluid-filled_region_boundaries_in_optical_coherence_tomography_images_of_the_retina?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/265888126_Semi-Automated_Segmentation_of_Symptomatic_Exudate-Associated_Derangements_SEADs_in_3D_OCT_Using_Layer_Segmentation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/265888126_Semi-Automated_Segmentation_of_Symptomatic_Exudate-Associated_Derangements_SEADs_in_3D_OCT_Using_Layer_Segmentation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49645189_Spectral_Domain_Optical_Coherence_Tomography_Imaging_of_Dry_Age-Related_Macular_Degeneration?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49645189_Spectral_Domain_Optical_Coherence_Tomography_Imaging_of_Dry_Age-Related_Macular_Degeneration?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==

www.nature.com/scientificreports/

23. Wilkins, G. R., Houghton, O. M. & Oldenburg, A. L. Automated segmentation of intraretinal cystoid fluid in optical coherence
tomography. IEEE T Biomed Eng 59, 1109-1114 (2012).

24. Zheng, Y. et al. Computerized assessment of intraretinal and subretinal fluid regions in spectral-domain optical coherence
tomography images of the retina. Am J Ophthalmol 155, 277-286 (2013).

25. Ding, W,, Young, M. & Bourgault, S. Automatic detection of subretinal fluid and sub-retinal pigment epithelium fluid in optical
coherence tomography images. 35th Annual International Conference of the IEEE EMBS (2013).

26. Whitaker, R. T. & Xue, X. Variable-conductance, level-set curvature for image denoising. Proceeding of International Conference on
Image Processing 3, 142-145 (2001).

27. Yang, Y., Lin, P. & Zheng, C. An efficient statistical method for segmentation of single-channel brain MRI. Proceedings of the Fourth
International Conference on Computer and Information Technology (2004).

28. Li, K., Wu, X, Chen, D. Z. & Sonka, M. Optimal surface segmentation in volumetric images—a graph-theoretic approach. IEEE T
Pattern Anal 28, 119-134 (2006).

29. Xu, Y., Sonka, M., McLennan, G., Guo, J. & Hoffman, E. A. MDCT-based 3-D textural classification of emphyema and early smoing
related lung pathologies. IEEE Trans Med Imaging 25, 464-475 (2006).

30. Ahmed, S. & Iftekharuddin, K. M. Efficacy of texture, shape, and intensity feature fusion for posterior-fossa tumor segmentation in
MRI. IEEE T Inf Technol B 15, 206-213 (2011).

31. Gao, L., Kou, P, Gao, F. & Guan, X. AdaBoost regression algorithm based on classification-type loss. Proceedings of the 8th World
Congress on Intelligent Control and Automation, 682-687 (2010).

32. Chen, X. & Bagci, U. 3D automatic anatomy segmentation based on iterative graph-cut-ASM. Med Phys 38, 4610-4622 (2011).

33. Chen, X,, Udupa, J. K., Bagci, U., Zhuge, Y. & Yao, ]. Medical image segmentation by combining graph cut and oriented active
appearance models. IEEE T Image Process 21, 2035-2046 (2012).

34. Chen, X. et al. A framework of whole heart extracellular volume fraction estimation for low dose cardiac CT images, IEEE T Inf
Technol B 16, 842-851 (2012).

35. Chen, X., Udupa, J. K., Alavi, A. & Torigian, D. A. GC-ASM: synergistic integration of graph-cut and active shape model strategies
for medical image segmentation. Comput Vis Image Und 117, 513-524 (2013).

36. Ju, W,, Xiang, D., Zhang, B., Kopriva, I. & Chen, X. Random walk and graph cut for co-segmentation of lung tumor on PET-CT
images, IEEE T Image Process 24, 5854-5867 (2015).

37. Kolmogorov, V. & Zabih, R. What energy function can be minimized via graph cuts?IEEE T Pattern Anal 26, 147-159 (2004).

38. Boykov, Y. & Kolmogorov, V. An experimental comparison of min-cut/max-flow algorithms for energy minimization in vision. IEEE
T Pattern Anal 26, 1124-1137 (2004).

39. Boykov, Y. & Funka-Lea, G. Graph cuts and efficient N-D image segmentation. Int ] Comput Vision 70, 109-131 (2006).

40. Ciesielski, K. C., Chen, X., Udupa, J. K. & Grevera, G. J. Linear time algorithms for exact distance transform. ] Math Imaging and Vis
39,193-209 (2010).

41. Snyman, J. A. Practical mathematical optimization: an introduction to basic optimization theory and classical and new gradient-based
algorithms. (Springer, 2005).

42. Xu, X, Lee, K., Zhang, L., Sonka, M. & Abramoff M. D. Stratified sampling voxel classification for segmentation of intraretinal and
subretinal fluid in longitudinal clinical OCT data. IEEE Trans Med Imaging 34, 1616-1623 (2015).

43. Miri, M. S. & Mahloojifar, A. Retinal image analysis using curvelet transform and multistructure elements morphology by
reconstruction. IEEE T Biomed Eng 58, 1183-1192 (2011).

Acknowledgements

This work was supported in part by the National Basic Research Program of China (973 Program) under
Grant 2014CB748600, and in part by the National Natural Science Foundation of China (NSFC) under Grant
81371629, 61401294, 61401293, 81401472 and Jiangsu Province Natural Science Foundation of China under
Grant BK20140052.

Author Contributions

Design the study and writing the article: Z.S., H.C., ES. and X.C. Revision of the article: ES., X.C., LW., W.Z.,
D.X,, C.Y. and L.L. Data analysis and statistical expertise: Z.S., H.C., ES., X.C., L.W,, C.Y. and L.L. Data collection:
H.C., Z.S. and X.C. Obtaining funding: X.C., ES., W.Z. and D.X.

Additional Information
Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Sun, Z. et al. An automated framework for 3D serous pigment epithelium detachment
segmentation in SD-OCT images. Sci. Rep. 6, 21739; doi: 10.1038/srep21739 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images

BN o1 other third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/

scAlhinext references | 6:2E755¢D01:1109 G38/drdeed sopublications on ResearchGate, letting you access and read them immediately. 10



http://creativecommons.org/licenses/by/4.0/
https://www.researchgate.net/publication/221772317_Automated_Segmentation_of_Intraretinal_Cystoid_Fluid_in_Optical_Coherence_Tomography?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/221772317_Automated_Segmentation_of_Intraretinal_Cystoid_Fluid_in_Optical_Coherence_Tomography?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/221772317_Automated_Segmentation_of_Intraretinal_Cystoid_Fluid_in_Optical_Coherence_Tomography?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/3919852_Variable-conductance_level-set_curvature_for_image_denoising?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/3919852_Variable-conductance_level-set_curvature_for_image_denoising?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/4104744_An_efficient_statistical_method_for_segmentation_of_single-channel_brain_MRI?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/4104744_An_efficient_statistical_method_for_segmentation_of_single-channel_brain_MRI?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7368592_Optimal_Surface_Segmentation_in_Volumetric_Images-A_Graph-Theoretic_Approach?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7368592_Optimal_Surface_Segmentation_in_Volumetric_Images-A_Graph-Theoretic_Approach?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49738769_Efficacy_of_Texture_Shape_and_Intensity_Feature_Fusion_for_Posterior-Fossa_Tumor_Segmentation_in_MRI?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49738769_Efficacy_of_Texture_Shape_and_Intensity_Feature_Fusion_for_Posterior-Fossa_Tumor_Segmentation_in_MRI?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/251945350_AdaBoost_Regression_Algorithm_Based_on_Classification-Type_Loss?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/251945350_AdaBoost_Regression_Algorithm_Based_on_Classification-Type_Loss?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/51653030_3D_automatic_anatomy_segmentation_based_on_iterative_graph-cut-ASM?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/285706525_Medical_image_segmentation_by_combining_graph_cut_and_oriented_active_appearance_models?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/285706525_Medical_image_segmentation_by_combining_graph_cut_and_oriented_active_appearance_models?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/236182368_GC-ASM_Synergistic_Integration_of_Graph-Cut_and_Active_Shape_Model_Strategies_for_Medical_Image_Segmentation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/236182368_GC-ASM_Synergistic_Integration_of_Graph-Cut_and_Active_Shape_Model_Strategies_for_Medical_Image_Segmentation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/282877024_Random_Walk_and_Graph_Cut_for_Co-Segmentation_of_Lung_Tumor_on_PET-CT_Images?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/282877024_Random_Walk_and_Graph_Cut_for_Co-Segmentation_of_Lung_Tumor_on_PET-CT_Images?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/8337762_What_Energy_Functions_Can_Be_Minimized_via_Graph_Cuts?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7990921_An_Experimental_Comparison_of_In-CutMax-Flow_Algorithms_for_Energy_Minimization_in_Vision?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/7990921_An_Experimental_Comparison_of_In-CutMax-Flow_Algorithms_for_Energy_Minimization_in_Vision?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/244898935_Graph_Cuts_and_Efficient_ND_Image_Segmentation?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/220145878_Linear_Time_Algorithms_for_Exact_Distance_Transform?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/220145878_Linear_Time_Algorithms_for_Exact_Distance_Transform?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/268890185_Practical_Mathematical_Optimization_An_Introduction_to_Basic_Optimization_Theory_and_Classical_and_New_Gradient-Based_Algorithms?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/268890185_Practical_Mathematical_Optimization_An_Introduction_to_Basic_Optimization_Theory_and_Classical_and_New_Gradient-Based_Algorithms?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/273463071_Stratified_Sampling_Voxel_Classification_for_Segmentation_of_Intraretinal_and_Subretinal_Fluid_in_Longitudinal_Clinical_OCT_Data?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/273463071_Stratified_Sampling_Voxel_Classification_for_Segmentation_of_Intraretinal_and_Subretinal_Fluid_in_Longitudinal_Clinical_OCT_Data?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49673505_Retinal_Image_Analysis_Using_Curvelet_Transform_and_Multistructure_Elements_Morphology_by_Reconstruction?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==
https://www.researchgate.net/publication/49673505_Retinal_Image_Analysis_Using_Curvelet_Transform_and_Multistructure_Elements_Morphology_by_Reconstruction?el=1_x_8&enrichId=rgreq-5ee41a9877944cb35da168d9fcb05687-XXX&enrichSource=Y292ZXJQYWdlOzI5NTY4ODg0NztBUzozMzI2NTQ0MTIwOTEzOTJAMTQ1NjMyMjQwMDE2MQ==

	An automated framework for 3D serous pigment epithelium detachment segmentation in SD-OCT images

	Results

	Dataset. 
	Automatic segmentation result of the proposed framework. 
	Comparison of segmentation performance. 

	Discussion

	Methods

	Method overview. 
	Denoising. 
	Multi-scale graph search. 
	Feature extraction. 
	Classification. 
	Shape-constrained graph cut. 
	Mathematical morphology. 
	Evaluation of segmentation performance. 

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ A cross-sectional (B-scan) image of spectral domain optical coherence tomography with serous pigment epithelium detachment.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ The final automatic segmentation results of serous pigment epithelium detachment in different subjects.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ 3D visualization of the serous pigment epithelium detachment segmentation results.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ Correlation (a) and agreement (b) of the volume of retinal pigment epithelium detachment measured by automatic segmentation result and ground truth I.
	﻿Figure 5﻿﻿.﻿﻿ ﻿ The flowchart of the proposed framework.
	﻿Figure 6﻿﻿.﻿﻿ ﻿ A cross sectional image before (a) and after (b) denoising.
	﻿Figure 7﻿﻿.﻿﻿ ﻿ The result of retinal layers segmentation.
	﻿Figure 8﻿﻿.﻿﻿ ﻿ The experimental results at different phrases.
	﻿Table 1﻿﻿. ﻿ Mean ± standard deviation of the serous pigment epithelium detachment segmentation result using the ground truth I as the reference.



 
    
       
          application/pdf
          
             
                An automated framework for 3D serous pigment epithelium detachment segmentation in SD-OCT images
            
         
          
             
                srep ,  (2016). doi:10.1038/srep21739
            
         
          
             
                Zhuli Sun
                Haoyu Chen
                Fei Shi
                Lirong Wang
                Weifang Zhu
                Dehui Xiang
                Chenglin Yan
                Liang Li
                Xinjian Chen
            
         
          doi:10.1038/srep21739
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 Macmillan Publishers Limited
          10.1038/srep21739
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep21739
            
         
      
       
          
          
          
             
                doi:10.1038/srep21739
            
         
          
             
                srep ,  (2016). doi:10.1038/srep21739
            
         
          
          
      
       
       
          True
      
   




