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Segmentation of layers in retinal images obtained by optical coherence tomography (OCT) has
become an important clinical tool to diagnose ophthalmic diseases. However, due to the sus-
ceptibility to speckle noise and shadow of blood vessels etc., the layer segmentation technology
based on a single image still fail to reach a satisfactory level. We propose a combination method of
structure interpolation and lateral mean ¯ltering (SI-LMF) to improve the signal-to-noise ratio
based on one retinal image. Before performing one-dimensional lateral mean ¯ltering to remove
noise, structure interpolation was operated to eliminate thickness °uctuations. Then, we used
boundary growth method to identify boundaries. Compared with existing segmentations, the
method proposed in this paper requires less data and avoids the in°uence of microsaccade. The
automatic segmentation method was veri¯ed on the spectral domain OCT volume images
obtained from four normal objects, which successfully identi¯ed the boundaries of 10 physio-
logical layers, consistent with the results based on the manual determination.

Keywords: Optical coherence tomography; retinal layers; automatic segmentation; mean ¯ltering.

1. Introduction

Optical coherence tomography (OCT), which was
¯rst introduced in the early 1990s,1 is an optical

signal acquisition and processing modality which is

noninvasive for imaging subsurface tissue struc-

tures. The extension of OCT into Fourier domain,
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for example, Fourier domain optical coherence
tomography (FD-OCT),2 has exploited its position
in biomedical imaging applications, particularly in
ophthalmology. OCT is now widely used in oph-
thalmic research and has been shown to be clinically
useful in the diagnosis of a variety of retinal dis-
eases.3 For example, glaucoma can be determined
by detecting the thickness of nerve ¯ber and gan-
glionic cell layers (NFL and GCL) using OCT.6–8

Diabetic retinopathy is a continuing disorder of di-
abetes and endocrine system and blood system
damage in the retina of a comprehensive re°ection,
is the main cause of vision loss.9

For better research and faster detection of these
retinopathy-related diseases on speci¯c types of cells
within the retina, it is necessary to segment the
di®erent tissue layers existing in the retinal OCT
images. Several methods have been proposed for the
intra-retinal layer segmentation of OCT structural
images. Koozekanani et al.10 proposed an automatic
algorithm that uses the edge detection kernel and
the Markov model to segment the retinal boundary,
from which the thickness of the retinal layer is
obtained. Subsequently, other methods based on
microstructural intensity and gradient or deform-
able spline algorithm to detect changes in re°ec-
tivity in the retinal substructure.11 However, fully
automated segmentation of intra-retinal layers in
OCT is challenging because many factors a®ect the
sharpness of layer boundaries and homogeneity of
each layer.

Edge detection is a classic problem based on
image intensity and its derivatives (gradient and
Laplacian), segmentation based on edge detection is
a®ected by image defects such as speckle noise and
intensity discontinuity. As a result, many robust
techniques have emerged to improve the accuracy of
retinal segmentation. Gaussian ¯lter12 and multiple
image averaging13 are widely used to reduce speckle
noise points and enhance the contrast between ad-
jacent layer boundaries. However, Gaussian ¯lter
fuzzy boundaries reduce the contrast of two adja-
cent layers. Due to involuntary eye movements
caused by microsaccades, image matching is a
problem in the multi-image averaging. Fabritiuset
et al.14 presented a method to identify erroneous
pixels by applying an automatic binarization algo-
rithm following a top-hat ¯ltering operation. How-
ever, their method is not always e®ective, especially
when the retinal images are signi¯cantly inclined
and the prior knowledge of the shape parameters of

the morphological ¯lter is not known. Fern�andez
et al.15 utilizing complex de-noising solutions apply
nonlinear complex di®usion ¯ltering with enhanced
di®usion ¯ltering techniques, and then locate the
slope of the slope on the image. Ishikawa et al.16

developed a software algorithm to perform auto-
matic retinal layer segmentation in the macula of
the commercially available Stratus TD-OCT, and
reported that macular inner retinal layer thickness
measurements could indeed be used to discriminate
normal from glaucomatous eyes. Mishra et al.17

proposed a two-step kernel-based optimization
scheme that ¯rst located the approximate location
of retinal layers using a gradient-based adaptive
vector-valued kernel function and then optimized
the segmentation using dynamic programming-
based force balance equation to identify noisy layer
boundaries. Ahlers et al.18 applied the adaptive
threshold and intensity peak detection to segment
the layers of the retina. Xusheng Zhang et al.11

performed a de-noising procedure with two steps of
di®erent Gaussian ¯ltering, and proposed a two-
step de-noising treatment in di®erent directions to
suppress random speckle noise while keeping the
layer boundaries as complete as possible. However,
the above segementation algorithms use an average
number of graphs in denoising process or other
methods to improve the signal-to-noise ratio that
may fuzzy boundaries. Multiply images averaging
require extra time and it is necessary for the patient
to keep ¯xed during retinal information collection,
which will make the patient feel uncomfortable, and
the slight jitter caused by microsaccade may a®ect
the image quality. Therefore, a novel denoising
method based on a single OCT image and does not
a®ect the sharpness of boundaries in pre-processing
is great signi¯cance for retinal image segmentation.

In this paper, we propose a combination method
SI-LMF to reduce the speckle noise and improve the
signal-to-noise ratio to exploit an automatic retinal
image segmentation method. First, all the retina
layers are divided into upper and lower parts for
processing based on layer ONL. The layers in the
lower region gently °oating was denoised by one
dimensional lateral mean ¯ltering (1D-LMF) and
then identi¯ed by gradient value. The layers in the
upper region big °oating induced by the central
fovea that directly using 1D-LMF will fuzzy
boundaries. Therefore, structure interpolation was
performed to eliminate layer °oating before 1D-
LMF. Next, we use boundary growth method to
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identify the remaining layers. A segmentation result
of an OCT retinal image from a health patient was
exhibited to identify the accuracy of the method
proposed in this paper. Compared with the tradi-
tional methods, our method takes less time for data
collection and segmentation, and at the same time
prevent the in°uence of microsaccade.

2. Experimental Setup

To verify the accuracy and practicability of the
proposed method, a typical SDOCT system is
employed in this paper (schematic is shown in
Fig. 1), similar to the described in our previous
study.19 Brie°y, the system provides both structural
and phase images of retinal layers. The light source
is a superluminescent diode (D-840-HP-I, Super-
lum) centered at 840 nm with a full width at half
maximum bandwidth of �45 nm, providing an axial
resolution of �7�m in air. The light goes through a
circulator and is split into two beams by a 2� 2
¯ber coupler. In the sample arm, the beam routed
through a collimating lens, X-Y galvanometers and
an objective lens with 50mm which provides
�16�m lateral resolution. To provide su±cient
lateral length, space of two adjacent A-scans was set
as �6�m and each B-scan was formed by 500 A-
scans covering 3mm. The interference spectrum of
light backscattered from reference and sample arms
was captured by a home-built spectrometer which
utilizes a high speed line scan camera. The line scan

rate of the camera can run as high as 70k lines per
second in this study.

3. Method

3.1. Method overview

Figure 2 shows a cross-sectional OCT structure
image of the retina centered at the macula, anno-
tated with the targeted 10-layer boundaries. The
abbreviations of layers from top to bottom are: ILM
— inner limiting membrane, NFL — nerve ¯ber
layer, GCL — ganglion cell layer, IPL — inner
plexiform layer, INL — inner nuclear layer, OPL —
outer plexiform layer, ONL — outer nuclear layer,
IS — photoreceptor inner segment, OS — photo-
receptor outer segment, OSJ — outer segment
junction and RPE — retinal pigment epithelium.

The schematic diagram of segmentation steps is
shown in Fig. 3. Brie°y, it includes ¯ve steps: (1)
Image rotation based on the RPE centerline; (2)
ILM identi¯cation; (3) ONL determination and
separate layers to two regions (above and beneath
ONL); (4) layers segmentation beneath ONL layer
depend on 1D-LMF; (5) Layers segmentation above
ONL layer depending on SI-LMF.

3.2. Image rotation based on the RPE
layer centerline

Since the incident beam of the OCT imaging system
is not always perpendicular to the fundus, the
structure image of the retinal layers may have a
random tilt angle, so image rotation is a prerequisite
before subsequent segmentation.

In healthy human fundus, the RPE layer °uc-
tuates slowly, and the backscattered light of RPE
layer is one of the largest in retinal OCT image.
Therefore, we rotate the image perpendicular sub-
stantially to the Z-direction based on a pilot esti-
mate of the RPE centerline. The RPE centerline is
identi¯ed by tentatively assigning the brightest
pixel in each column. However, the automatic se-
lection is not perfect due to the presence of noise
points. Majority of erroneous pixels are usually as-
sociated with the layer NFL and layer OS which
also exhibits high re°ective in the OCT image.20–22

Since the layer NFL and layer OS are not adjacent
to layer RPE, it is possible to reduce the deviation
by removing discontinuities greater than 14 pixels
in the RPE estimate.22 The size of the ¯lter isFig. 1. Schematic of the OCT imaging system.

Automated retinal layer segmentation on OCT image
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connected to the width of RPE layer and thus they
must be adjusted if scanning protocol is changed.
The remaining valid points were smoothed by a
moving average median ¯lter with a window size of
40, as shown in Fig 4(a).

In order to improve the accuracy of the angle in
adjusting image, the RPE centerline was ¯tted to a
¯rst-order polynomial. Based on the averaging slope
of the polynomials, the retinal OCT image was ro-
tated perpendicular to the Z-direction to facilitate
subsequent segmentation. Regions of the horizontal
image outside the original ¯eld were cut o® (outside
of red rectangle in Fig 4(b)]. The remaining part
was cropped from the rotated OCT image and
shown in Fig. 4(c).

3.3. Vitreous/ILM boundary

segmentation

The vitreous/ILM is the boundary between the
vitreous body and the retina. Since there is no high

scattering of the interferential blood vessels or ab-
sorbing tissues above layer ILM, the ILM identi¯-
cation can be performed easier than other layers.
The vitreous/ILM boundary was segmented by
searching for the greatest contrast rise in the region
above the RPE centerline. The error points in the
OCT image were eliminated by statistical regression

Fig. 2. Target retinal layers of a B-scan SDOCT image.

Fig. 3. Schematic of layers segmentation.

(a)

(b)

(c)

Fig. 4. Image rotation based on RPE centerline. (a) Retinal
OCT image with RPE centerline; (b) Image after rotation. (c)
Cropped OCT image.

Y. Ma et al.
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method, and the resulted line is smoothed by an
eight-order ¯tting polynomial (red line in Fig. 5).

3.4. ONL segmentation and two parts

(above and beneath ONL) division

The ONL is the thickest layer with minimal back-
scattering intensity in the retina. Since the search
area is limited by the prior segmented layers, layer
ONL is easy to identify. In each A-line, the ONL
layer is de¯ned by searching for the minimum in-
tensity point between the vitreous/ILM boundary
and RPE centerline. All the selected points were
combined into a curve and smoothed with the ad-
justment procedure described above to reduce error
points. The segmentation result of ONL layer is
shown in Fig. 5 (blue line).

After determining the layer ONL, the retina was
divided into two di®erent parts. The layers between
layer ONL and end of layer RPE are almost parallel
to each other. The lower region was directly
denoised by 1D-LMF to reduce speckle noise and
improve the signal-to-noise ratio, then the layers
beneath layer ONL were segmented according to
the gradient value. For the structure above layer
ONL, layers merge together and become increas-
ingly di±cult to distinguish in the region close to
fovea. To eliminate the in°uence of layer °oating
caused by the central fovea, structure interpolation
was operated before the 1D-LMF procedure. We
call this combination method, structure interpola-
tion and lateral mean ¯ltering (SI-LMF). Layers
above layer ONL was identi¯ed by boundary
growth method.

3.5. Layers segmentation beneath layer
ONL

3.5.1. 1D-LMF denoising

The boundaries between layer ONL and RPE
were densely located, and speckle noise caused by

self-coherence deteriorated the structure image. To
improve the signal-to-noise ratio of OCT images,
image de-noising is an essential procedure to
improve accuracy of segmentation.

We adopted two denoising methods, horizontal
1D-LMF and two-dimension Gaussian ¯lter. The
window size of 1D-LMF is 1*11 and Gaussian ¯lter
is 3*3, sigma is 1. Since the contrast of the layers
beneath layer ONL is high, both Gaussian ¯lter and
1D-LMF can be used to reduce noise pixels. Based
on the structure feature, the layer boundaries be-
tween ONL and RPE are closely being parallel, and
the °uctuation of layers can be ignored in local
areas. Figure 6 exhibits denoising results of two
methods. We can see that Fig 6(c) (denoised by 1D-
LMF) have fewer speckle noise and clearer bound-
aries (layers beneath ONL). To observe the ability
of noise reduction in details, A-lines in same lateral
position [yellow line in Figs. 6(a)–6(c)] were selected

Fig. 5. Segmentation results of vitreous/ILM boundary and
layer ONL

Fig. 6. De-noising results and intensity information of selected
an A-line from one B-frame. (a) raw B-frame, (b) denoised by
Gaussian ¯lter, (c) denoised by the 1D-LMF, (d) is the intensity
pro¯les of yellow line in the image (a)(b)(c) were shown by
blue, green and red lines.

Automated retinal layer segmentation on OCT image
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and intensity distributions were compared in
Fig 6(d), the red curve is much smoother than green
curve. All the results show that the performance of
1D-LMF in denoising speckle noise is slightly better
than Gaussian ¯lter. After noise reduction of the raw
image, identifying layers beneath layer ONL becomes
easier.

3.5.2. Segmentation of layers IS, OS, OSJ

and RPE

After the de-noising procedure in previous section,
the layers beneath layer ONL were easily identi¯ed.
First, begin and end of layer OS were con¯rmed by
searching for the maximum contrast rise and drop,
respectively, with the search area being limited be-
tween layer ONL and RPE centerline. Once the layer
OSwas con¯rmed, theONL/IS boundarywas selected
by searching for the maximum intensity pixels be-
tween layer ONL and begin of layer OS. Then, OSJ/
RPE boundary is selected by searching for the largest
contrast rise between the end of OS and RPE center-
line. Since the intensity of layer RPE is high and the
choroid region is small, the end of RPE was obtained
by searching for the maximum contrast drop beneath
the RPE centerline. Figure 7 shows the segmentation
results of layers ONL, IS, OS, OSJ and RPE.

3.6. Layers segmentation above layer
ONL

3.6.1. SI-LMF denoising

Vessels between layer ILM and ONL are relatively
abundant, especially in layer GCL. Both vascular
structure and the shadow of blood °ow will cause
elongated and disjoint spots in OCT images, which
interfere with the segmentation of boundaries. Since
the vessels are mostly isolated in the cross-sectional
image, related interference could be grossly

eliminated by 1D-LMF. However, the thickness of
layers above layer ONL varies signi¯cantly, espe-
cially near the foveal region. Therefore, simple
horizontal average inevitably leads to fuzzy struc-
ture and di±culty in distinguishing boundaries.
Thus, the structure interpolation which eliminate
the in°uence of layer thickness °oating caused by
the central fovea is indispensable before 1D-LMF,
i.e., the SI-LMF method proposed in this paper.

First of all, structure between vitreous/ILM
boundary and layer ONL of each A-line was resized
to same thickness [Fig. 8(b)]. The vitreous/ILM
boundary and layer ONL which have been identi-
¯ed in previous step 3.3. After structure resizing, we
assume that all the boundaries above layer ONL are
parallel. Then, 1D-LMF was performed similar to
Sec. 3.5.1, and the result is shown in Fig. 8(c). Then,
the averaged structure was resized back to the ini-
tial size and replaced the original location in raw
image [Fig. 8(d)]. To verify the de-noising ability of
SI-LMF, A-lines of same lateral position were se-
lected from raw image [Fig. 8(a)], SI-LMF result
[Fig. 8(d)] and Gaussian ¯lter result [Fig. 8(e)]. We
can see that there is a small blood vessel in the GCL
layer [red arrow in Fig. 8(a)]. Correspondingly, there
is a peak in Fig. 8(f) (blue circle), which is prone to be
recognized as a wrong layer in boundary segmenta-
tion. Since blood vessels are thin, the proposed al-
gorithm smoothed the structure with intensity
average. The peak was eliminated after 1D-LMF [red
line in Fig. 8(f)], while the peak is retained after
Gaussian ¯ltering [green line in Fig. 8(f)].

After the de-noising step, boundaries were auto-
matically segmented by the peak point of the gra-
dient value in each A-line. The advantage of
identifying gradient instead of intensity information
is that the result will not be severely a®ected by
local absolute intensity values as long as the con-
trast between layers remains. Figure 9 shows the
rough segmentation results based on di®erent

Fig. 7. Segmentation results of boundaries beneath layer ONL. From top to bottom, lines are ONL/IS, IS/OS, OS/OSJ, OSJ/RPE
and RPE/Choroid.

Y. Ma et al.
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images: (a) the image using Gaussian ¯lter, (b) the
image using SI-LMF. The comparison veri¯ed the
e®ectiveness of SI-LMF.

3.6.2. Boundary growth method

In Fig. 9(b), ¯ve boundaries are roughly segmented
between vitreous/ILM boundary and layer ONL.
However, isolated points still present which can
interfere with automatic segmentation. To

eliminate those error pixels, the boundary growth
method was used. First, two groups of precise initial
points were selected based on the gradient value
around the left and right border of the retina image.
Each group contains six points, corresponding to
correct layer boundaries on the selected A-line.
Initial points group need to satisfy two criterions:
(1) there are only six edge points at that lateral
position (A-line); (2) the interval between each
adjacent two points is su±cient. Once we obtained
the two group of initial points (shown in Fig. 10),
search the point from the basis A-line to the ipsi-
lateral edge and the center of the image.

Once two groups of initial points were con¯rmed,
boundary started to grow towards both sides. This
was realized by searching the closest edge pixel on
the adjacent two A-lines in Fig. 11(a). Due to the
error pixels interference the searching result, a
threshold was set to limit the search area. If there is
no edge point in the range, the boundary position on
the next A-line was set the same as the previous
position. Figure 11(b) shows the ¯ve boundaries
corrected with boundary growth method. All seg-
mentation boundaries were slightly smoothed with

Fig. 8. Interpolation step. (a) Raw OCT image with vitreous/
ILM boundary and layer ONL. Green square, interested region.
(b) Resize the interested region to same width. (c) Reducing
error points with 1D-LMF. (d) Resize de-noising result back to
original size and replace the same position in raw image. (e)
Reducing error points with Gaussian ¯lter. (f) Selected an A-
line from raw image (blue line), image with Gaussian ¯lter
(green line) and with SI-LMF (red line). Blue circle, error pixels
caused by retinal vessels which are eliminated by SI-LMF.

Fig. 9. Performance of SI-LMF in boundaries above layer
ONL. (a) Searching for the peak of the gradient value of a raw
OCT image and (b) a de-noising image with SI-LMF. Blue
arrow, error points caused by scattered vessels.

Fig. 10. Two group of initial points.

Automated retinal layer segmentation on OCT image
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a moving average median ¯lter with a window size
of 20.

4. Results

To verify the accuracy of segmentation algorithm
on OCT image, we applied the method to the

datasets of four volunteers (Table 1) in our lab. 10
retinal layers (NFL, GCL, IPL, INL, OPL, ONL, IS,
OS, OSJ, RPE) were segmented automatically in 20
B-scans using a MATLAB (The MathWorks, Inc.)
software implementation of our method. The aver-
age calculation time for each image running on a
personal computer (64bit Windows, Intel Core i7
CPU at 3.6GHz, and 8GM RAM) is 3.6 s. The
segmented results of 10 layers with the algorithm
described in Sec. 3 are illustrated in Fig. 12 for one
of the typical B-frames.

50pcs B-scan images were obtained for each vol-
unteer. The poor-quality frames with low contrasts
or obvious motion artifacts were discarded before
segmentation. Then, nine images were randomly se-
lected for analysis. Same 10 layers were manually
traced by an independent physician for the subset of

(a) (b)

(c)

Fig. 11. Illustration of layer growth method. (a) Peak points of the gradient value of a typical OCT image. (b) Correct automation
segmentation pixels with layer growth algorithm. (c) Smoothing with moving average median ¯lter.

Table 1. Baseline information of
four volunteers.

Volunteer Age Gender

1 20 Female
2 22 Male
3 26 Male
4 28 Female

Fig. 12. Segmentation results of all 10 layers. From top to bottom, layer NFL, GCL, IPL, INL, OPL, ONL, IS, OS, OSJ, RPE.

Y. Ma et al.
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36 B-scans. Table 2 lists the absolute mean and
standard deviation (SD) of the di®erences between
manual and automatic estimates of the segmentation
data. Each pixel is 2.3�m. It is noted that the SD of
IPL and ONL-IS are greater among all the layers.
This is because contrast is poor and boundary is
fuzzy at the beginning of layer IPL and two sides of
layer ONL. In structural image, the boundaries of
GCL/IPL and ONL/IS are vague and di±cult for
segmentation. In some segmentation algorithms,
GCL/IPLwas integrated as one layer11,20 and ONL/
IS was integrated as one layer.20,23

5. Discussion

Compared with traditional pre-denoising method
such as Gaussian ¯lter and averaging multiple
images, since the layers under the layer ONL are
parallel to each other, the segmentation results of
the bottom region are similar. In the top part of
retina, the SI-LMF de-noising method exhibits a
better recognition e®ect, especially in areas with
abundant blood vessels. The method proposed in
this paper performs well in eliminating speckles in
a single plot. Compared with other existing
methods, the proposed method does not rely on a
large amount of data or multiple images, thereby
saving lots of time for searching error pixels and
improving the sharpness of boundaries in OCT
images.

Accurate detection of anatomical and patholog-
ical structures in SDOCT images is critical for the
diagnosis of ocular diseases. Automatic fundus seg-
mentation is challenging due to the presence of
speckle noise, vessel shadows and layer structure
°uctuations. Many methods have been proposed to

identify the retinal layers, which are mainly divided
into two classes: traditional image processing and
deep learning. Generally, segmentation algorithms
based on image processing require multiple steps,
including pretreatment and step-by-step identi¯ca-
tion of layers which are time consuming. In recent
years, some new segmentation algorithms based on
deep learning were developed to identify retinal
layers.23,24 Those algorithms can save a lot of
manpower and segment OCT retinal images in a
short time after training. However, all types of deep
learning algorithms require large amounts of data
for training, which is hard to obtain. The proposed
method uses only one OCT image to segment reti-
nal layers and is easy to be implemented. The
combination of traditional segmentation methods
and deep learning is a trend, which can improve
accuracy.23 In the future, we may also consider
combining the methods in this paper with machine
learning.

SI-LMF performances good in minimizing the
in°uence of the scattered blood vessels and their
corresponding shadows in de-noising step. However,
it is di±cult to eliminate some error pixels caused
by large blood vessels, especially those close to the
layer boundaries. For the boundary growth method,
current boundary pixel determination depends on
the location of previous pixel. Therefore, initial
boundary points selection is critical to segmentation
accuracy. Simultaneously, error pixels from irregu-
lar boundary points will lead to poor results or
failure of the segmentation algorithm.

The determination of thickness and the junction
boundary of retinal layers obtained by OCT system
has been widely used to diagnose ophthalmic dis-
eases such as glaucoma and retinitis pigmen-
tosa.25,26 The SI-LMF method overlaying pixels in a
small range might slightly weaken the abnormal
morphological structure caused by the diseases.
However, the lesion of boundaries between two
layers mostly occur in the later stage. It is well
known that the measurement of thickness at early
stage of retinal diseases is meaningful and it could
be treated e®ectively.

In summary, the SI-LMF-based automatic seg-
mentation method can reduce the number of images
that need to be collected, save time and improve the
accuracy. It can be used as a convenient and fast
diagnostic tool to identify 10-layer by a single OCT
retinal images.

Table 2. Di®erences between manual and automatic
segmentation. 2.3�m/pixel.

Layer Mean di®erence (pixels) SD (pixels)

NFL 0.53 1.2
GCL �0:44 0.54
IPL 0.65 1.625
INL 0.85 0.66
OPL �1:57 1.02
ONL-IS 1.79 1.6
OS-OSJ �0:46 0.48
RPE �1:14 0.6

Automated retinal layer segmentation on OCT image

2140011-9

J.
 I

nn
ov

. O
pt

. H
ea

lth
 S

ci
. 2

02
1.

14
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 1

71
.8

3.
9.

10
2 

on
 0

2/
08

/2
1.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



Con°ict of Interest

The authors have no con°icts of interest relevant to
this article.

Acknowledgments

This work was supported in part by National Nat-
ural Science Foundation of China (61771119 and
61901100), Hebei Provincial Natural Science
Foundation of China (H2018501087 and
H2019501010). Fundamental Research Funds for
the Central Universities (N182304008).

References

1. D. Huang et al., \Optical coherence tomography,"
Science 254(5035), 1178–1181 (1991).

2. S. H. Yun et al., \High-speed spectral-domain op-
tical coherence tomography at 1.3�m wavelength,"
Opt. Express 11(26), 3598–3604 (2003).

3. R. N. Weinreb, L. Zangwill, \Reproducibility of
nerve ¯ber layer thickness measurements using 3D
Fourier-domain OCT," Ophthalmology 104(10),
1530–1531 (1997).

4. S. Alam, R. J. Zawadzki, S. Choi et al., \Clinical
application of rapid serial Fourier-domain optical
coherence tomography for macular imaging," Oph-
thalmology 113(8), 1425–1431 (2006).

5. W. Maciej et al., \Three-dimensional retinal imag-
ing with high-speed ultrahigh-resolution optical co-
herence tomography," Ophthalmology 112(10),
1734–1746 (2005).

6. E. Garcia-Martin, M. Satue, I. Fuertes et al.,
\Ability and reproducibility of Fourier-domain op-
tical coherence tomography to detect retinal nerve
¯ber layer atrophy in Parkinson's disease," Oph-
thalmology 119(10), 2161–2167 (2012).

7. Divya, Aggarwal, Ou, \Patterns of ganglion cell
complex and nerve ¯ber layer loss in nonarteritic
ischemic optic neuropathy by Fourier-domain opti-
cal coherence tomography," Investig. Opthalmol.
Vis. Sci. 53(8), 4539 (2012).

8. O. Tan, V. Chopra, T. H. Lu et al., \Detection of
macular ganglion cell loss in glaucoma by Fourier-
domain optical coherence tomography," Ophthal-
mology 116(12), 2305–2314.e2 (2009).

9. T. Qaum, Q. Xu, A. M. Joussen et al., \VEGF-
initiated blood-retinal barrier breakdown in early
diabetes," Investig. Ophthalmol. Vis. Sci. 42(10),
2408 (2001).

10. D. Koozekanani, K. Boyer, C. Roberts, \Retinal
thickness measurements from optical coherence

tomography using a Markov boundary model,"
IEEE Trans. Med. Imaging 20(9), 900 (2001).

11. X. Zhang, S. Youse¯, L. An et al., \Automated
segmentation of intramacular layers in Fourier do-
main optical coherence tomography structural ima-
ges from normal subjects," J. Biomed. Optics 17(4),
046011 (2012).

12. Y. Wang, T. Li, \Image de-noising using wavelet
transform and various ¯lters," Int. J. Re. Computer
Sci. 2(2), 1–7 (2012).

13. A. Sakamoto, M. Hangai, N. Yoshimura, \Spectral-
domain optical coherence tomography with multiple
B-scan averaging for enhanced imaging of retinal
diseases," Ophthalmology 115(6), 1071–1078.e7
(2008).

14. T. Fabritius, S. Makita, M. Miura et al.,
\Automated segmentation of the macula by optical
coherence tomography," Opt. Express 17(18),
15659–15669.

15. F. D. Cabrera, H. M. Salinas, C. A. Pulia¯to,
\Automated detection of retinal layer structures on
optical coherence tomography images," Opt. Ex-
press 13(25), 10200 (2005).

16. H. Ishikawa, D. M. Stein, G. Wollstein et al.,
\Macular segmentation with optical coherence
tomography," Investig. Ophthalmol. Vis. Sci. 46(6),
2012–2017 (2005).

17. A. Mishra, A. Wong, K. Bizheva et al., \Intra-reti-
nal layer segmentation in optical coherence tomog-
raphy images," Optics Express 17(26), 23719–23728
(2009).

18. C. Ahlers, C. Simader, W. Geitzenauer et al.,
\Automatic segmentation in three-dimensional
analysis of ¯brovascular pigment epithelial detach-
ment using high-de¯nition optical coherence
tomography," Br. J. Ophthalmol. 92(2), 197 (2008).

19. Y. Zhao, Y. Ma, J. Liu et al., \Phase unwrapping for
Doppler Spectral Domain OCT °ow measurement,"
J. Biophotonics 13(1) (2019).

20. S. J. Chiu, X. T. Li, P. Nicholas et al., \Automatic
segmentation of seven retinal layers in SDOCT
images congruent with expert manual
segmentation," Opt. Express 18(18), 19413–19428.

21. S. Lu, Y. L. Cheung, J. Liu et al., \Automated layer
segmentation of optical coherence tomography
images," IEEE Trans. Biomed. Eng. 57(10),
P.2605–P.2608 (2010).

22. J. Tian, B. Varga, G. M. Somfai et al., \Real-time
automatic segmentation of optical coherence to-
mography volume data of the macular region," Plos
One 10(8), e0133908 (2015).

23. Z. Mishra, A. Ganegoda, J. Selicha et al.,
\Automated retinal layer segmentation using graph-
based algorithm incorporating deep-learning-
derived information," Sci. Rep. 10, 9541 (2020).

Y. Ma et al.

2140011-10

J.
 I

nn
ov

. O
pt

. H
ea

lth
 S

ci
. 2

02
1.

14
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 1

71
.8

3.
9.

10
2 

on
 0

2/
08

/2
1.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



24. K. Gopinath, S. B. Rangrej, J. Sivaswamy, \A deep
learning framework for segmentation of retinal lay-
ers from OCT images," 2017 4th IAPR Asian Con-
ference on Pattern Recognition (ACPR), Nanjing,
2017, pp. 888–893.

25. C. K. Leung et al., \Evaluation of retinal nerve ¯ber
layer progression in glaucoma: A study on optical

coherence tomography guided progression analysis,"
Invest. Ophthalmol. Vis. Sci. 51(1), 217–222 (2010).

26. L. H. Lima et al., \Structural assessment of hyper
auto °uorescent ring in patients with retinitis
pigmentosa," Retina 29(7), 1025–1031 (2009).

Automated retinal layer segmentation on OCT image

2140011-11

J.
 I

nn
ov

. O
pt

. H
ea

lth
 S

ci
. 2

02
1.

14
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 1

71
.8

3.
9.

10
2 

on
 0

2/
08

/2
1.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.


	Automated retinal layer segmentation on optical coherence tomography image by combination of structure interpolation and lateral mean filtering
	1. Introduction
	2. Experimental Setup
	3. Method
	3.1. Method overview
	3.2. Image rotation based on the RPE layer centerline
	3.3. Vitreous/ILM boundary segmentation
	3.4. ONL segmentation and two parts (above and beneath ONL) division
	3.5. Layers segmentation beneath layer ONL
	3.5.1. 1D-LMF denoising
	3.5.2. Segmentation of layers IS, OS, OSJ and RPE

	3.6. Layers segmentation above layer ONL
	3.6.1. SI-LMF denoising
	3.6.2. Boundary growth method


	4. Results
	5. Discussion
	Conflict of Interest
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


