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LIST OF ABBREVIATIONS  

 

AI:   artificial intelligence 

AMD:    age-related macular degeneration 

ANN:    artificial neural networks 

AUC:   area under the curve 

BCVA:   best-corrected visual acuity 

CNN:    convolutional neural network 

D:    layer distortion 

DNN:    deep neural network 

DRN:    deep rectifier neural networks 

ELM:    external limiting membrane 

ETDRS:   early treatment diabetic retinopathy study 

FCN:    fully convolutional neural networks 

HF:    hyperreflective foci 

ILM:    internal limiting membrane 

IRF:    intraretinal fluid 

LoG:    Laplacian of Gaussian 

MITK:   Medical Imaging Interaction Toolkit 

OCT/SD-OCT:  spectral domain optical coherence tomography 

ORT:    outer retinal tubulation 

PED:    pigment epithelial detachment 

PRN:    pro re nata 

RPE:    retinal pigment epithelium 

SHRM:   subretinal hyperreflective material 

SRF:    subretinal fluid 

VEGF:   vascular endothelial growth factor  
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INTRODUCTION 

 

The globally experienced growth of life expectancy has led to an increase in the number of age-

related diseases, thus age-related macular degeneration (AMD) has become the leading cause of 

vision loss in the Western World, and a health problem worldwide. The large prevalence of AMD 

causes inestimable burden from the point of both the patients’ and the health care system, therefore 

proper management is crucial [1-4]. 

AMD can be divided into two categories, namely the dry (nonexudative) form that accounts for 

approximately 90% of all cases and the wet (exudative, neovascular) form that accounts for the 

remaining, causing more severe and rapid cases of vision loss [5, 6].  

Although the exact pathogenesis of the disease is not yet fully understood, vascular endothelial 

growth factor (VEGF) plays a central role in the development of this latter, more dangerous wet 

form. An imbalance unfolds between proangiogenic and antiangiogenic factors, leading to the 

overproduction of VEGF. VEGF induces endothelial cell proliferation followed by the formation 

of choroidal neovascular membrane, new vessels that leak fluid into or under the layers of the 

retina. This results in accumulation of subretinal or intraretinal fluid (SRF/IRF) or pigment 

epithelial detachment (PED), but bleeding can appear as well, bringing forth an advanced and acute 

vision loss [2].  

The first choice of treatment for neovascular AMD is anti-VEGF intravitreal injection, which has 

revolutionized the treatment of wet AMD [7]. As a chronic condition, AMD requires repeated 

administration of anti-VEGF injections along with frequent patient follow-ups [8]. Early diagnosis 

and rigorous monitoring are essential in the management of AMD, and for both, utilization of 

optical coherence tomography (OCT) is fundamental. With the help of OCT, it became possible 

to detect in vivo the layers of the retina and the characteristic features of the disease, so-called 

OCT biomarkers, such as SRF, IRF, PED, outer retinal tubulation (ORT), hyperreflective foci (HF) 

or subretinal hyperreflective material (SHRM) (see, e.g., Figure 1) and their response to anti-

VEGF treatment. Assessment of these markers is the key to make the adequate decision for 

treating, re-treating or observing a patient [9,10].
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We have to emphasize that from this point, under the term IRF the intraretinal cystoid fluid is 

meant alone in this thesis. 

Despite the extensive knowledge about OCT biomarkers provided by literature, there are still 

unanswered questions in this field. Our work basically concentrated on these biomarkers, from a 

clinical point of view (i.e. their response to therapy, their effect on therapy, their effect on each 

other). At first our attention was focused on a then relatively novel biomarker, the outer retinal 

tubulation, intended to investigate its characteristics and potential role in the treatment prognosis.  

Our observations based on ORT (listed in the first part of the PhD thesis) spurred further thoughts, 

since we soon realized that in order to explore farther correlations between the OCT biomarkers 

and their response/effect to therapy, it is essential to use faster and more precise measurements, 

thereby development of automated algorithms with automatic identification and quantification of 

OCT biomarkers (HF in particular, as well as ORT, SRF, IRF, PED and SHRM) became our next 

goal (second part of the thesis). 

  

Figure 1. OCT images in wet AMD. The internal limiting membrane (ILM) and the retinal 

pigment epithelium (RPE) are marked together with biomarkers of AMD such as: SRF, IRF; 

PED; SHRM; ORT; and HF. 
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PART I: OUTER RETINAL TUBULATION 

 

BACKGROUND 

 

Outer retinal tubulation (ORT) as per Zweifel et al.’s definition is a hyporeflective, branching 

tubular structure with hyperreflective borders within the outer nuclear layer of the retina [10, 11]. 

The „en face" OCT technique can help map these branching networks [12]. ORTs have been 

observed in many retinal diseases, including wet age-related macular degeneration [11]. Based on 

histological reports, the border of the outer retinal tubulation consists of photoreceptor inner 

segment mitochondria and external limiting membrane (ELM), with fluid and photoreceptor outer 

segments being potentially present in the ovoid hyporeflective lumen of the ORT [13-15]. 

Adaptive optics scanning laser ophthalmoscopy findings are in correlation with histology reports 

and show lack of ORT cone reflectivity, which can be due to the loss of cone outer segments and 

subsequent retinal remodeling [16]. 

Schaal et al. classified outer retinal tubulations as either open (incomplete closure with curving 

external limiting membrane at the ends, horizontally elongated shape in cross-section) or closed 

(completely encircled, oval shape in cross-section) ORTs [13]. 

Though pathogenesis of ORT formation is still not entirely clear, recent reports facilitated 

understanding the process. Dolz-Marco et al. called the attention on the role of Müller cells in the 

pathomechanism of ORT development, namely the progressive photoreceptor damage that can 

result in Müller cell activation, which thereby starts to produce glial fibrillary acidic protein, 

facilitating the formation of ORT [17]. Based on histological examinations, it seems that the 

evolution of ORT begins with ELM and ellipsoid zone disruption [11]. ELM starts to scroll inward 

at its free edges, representing an initial form of ORT, leading to the development of a formed open 

ORT. With time the large, open ORTs split, their margins beginning to scroll ending in multiple 

smaller closed ORTs. During the scrolling process a downward displacement of adjacent inner 

nuclear layer and outer plexiform layer happens, separating each ORT and causing the appearance 

of microcystic lesions in the inner nuclear layer. The downward displacement of these layers might 
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be due to the involvement of Müller cells in this scrolling/dragging process as Müller cells are 

contributing to the constitution of ELM with the inner segments of photoreceptors [13, 17-19]. 

ORT can be mistaken for intraretinal cysts or subretinal fluid. In contrast to ORT, detection of 

these fluid compartments on OCT scans is the main criterion of the retreatment process. With the 

recognition of the hyperreflective border of the ORT and its special occurrence in the outer nuclear 

layer, these mistakes can be reduced, leading to a reduction of anti-VEGF overtreatment in wet 

AMD [11]. 

The ORT prevalence in wet AMD is low at the time of first diagnosis, but over time, during anti-

VEGF therapy its prevalence increases [20, 21]. The importance of ORT as an OCT biomarker for 

photoreceptor degeneration is due to its connection with reduced visual acuity [10, 20-22]. 

It has also been reported that ORTs develop above areas of subretinal hyperreflective material or 

atrophy [20, 21]. SHRM is a medium- to hyperreflective mass between the neurosensory retinal 

layers and retinal pigment epithelium on OCT [23]. It usually represents either a type II choroidal 

neovascular complex or is the consequence of an active choroidal neovascularization, including 

subretinal haemorrhage and lipid or fluid exudation [10, 23, 24].  

The aim of our study was: 

- to investigate the prevalence of ORTs in eyes with neovascular AMD undergoing anti-VEGF 

treatment either with ranibizumab or aflibercept 

- to examine the changes in the frequency of injections before and after ORT appearance 

- to further assess the presence of subretinal hyperreflective material and its relationship with ORT 

 

METHODS 

 

This retrospective study was performed at the Medical Retina Unit of the Department of 

Ophthalmology, University of Szeged, Hungary. The study was approved by the Institutional 

Review Board of University of Szeged Albert Szent-Györgyi Clinical Centre and was in 

accordance with the ethic standards of the Declaration of Helsinki.  
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Treatment-naïve wet AMD patients were enrolled in the study. For the ranibizumab group, 

enrollment took place between October 2014 and April 2016, while patients in the aflibercept 

group were enrolled between April 2015 and April 2016. 

All patients were over 50 years of age, mean follow-up period was 16.3 months and 9.2 months 

(ranged from 6-24 months and 6-12 months) in the ranibizumab and aflibercept groups, 

respectively.  

During each visit a comprehensive ophthalmic examination was carried out including best-

corrected visual acuity (BCVA, Early Treatment Diabetic Retinopathy Study (ETDRS) score) 

assessment, slit-lamp biomicroscopy, dilated funduscopy and SD-OCT examination of the retina 

(Heidelberg Spectralis, Heidelberg Engineering, Heidelberg, Germany). Eyes with poor quality 

SD-OCT scans (Q index below 20) or with poor compliance were excluded from the study (14 

eyes from the ranibizumab and 3 eyes from the aflibercept group). 

Treatment regimen for both ranibizumab (0.5 mg) and aflibercept (2 mg) started with 3 monthly 

injections. After initiation phase the ranibizumab group was treated by a pro re nata (PRN) regimen 

with follow-up visits scheduled monthly. The retreatment criteria for ranibizumab patients 

consisted of any subretinal or intraretinal fluid on OCT, or new haemorrhage on funduscopy. In 

the aflibercept group follow-up after the loading phase was scheduled every two months, treatment 

was given at each follow-up. The above regimens were in accordance with the available treatment 

guidelines in Hungary at the time of the study. 

For SD-OCT imaging a pattern size of 5.8 x 5.8 mm, 20° x 20° was applied with 25 B-scans, using 

the „follow-up” mode. By manual review of the scan volumes the first appearance of the ORT was 

determined in both groups. Presence of ORT was assessed at fixed time points at baseline, month 

6 and 12 in both groups and at months 18 and 24 in the ranibizumab group. Two independent retina 

specialists evaluated the images. In case of incongruity, the images were referred to a third retina 

specialist. During the evaluation of OCT scans, no distinction was realized between the above 

described open (incomplete hyperreflective ring) and closed (complete hyperreflective ring) forms 

of ORT, according to Schaal [13]. Thus, both types of ORT detected on the images were 

considered an ORT positive case. The criterion of ORT was a hyperreflective ovoid-elongated 

structure with lower reflective content in the outer nuclear layer of the retina. (Figure 2.) 
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Figure 2.: Outer retinal tubulations and subretinal hyperreflective material on an SD-OCT single 

B-scan: Open and closed ORTs in cross section (left and right solid arrows) above subretinal 

hyperreflective material (dash arrow). 

The graders also identified the presence or absence of subretinal hyperreflective material on SD-

OCT images at treatment initiation. The criterion for SHRM was a medium- to hyperreflective 

mass between the neurosensory retinal layers and the retinal pigment epithelium, as described by 

Keane et al [23]. (Figure 2.)  

Statistical methods 

The BCVA was compared across the two groups using the Mann-Whitney U-test. The survival 

analysis for ORT development was analyzed by a Cox proportional hazard model. We analyzed 

the correlation between the presence of SHRM at treatment initiation with the development of 

ORT by Chi-square test and calculated relative risks. Where zeros were involved for the 

computation of relative risk, 0.5 was added to all cells, according to the previous suggestions [25]. 

The injection rate was calculated only in the PRN treated ranibizumab group due to the fixed 2 

month therapeutic regimen of aflibercept. The injection rate was assessed before versus after the 

appearance of outer retinal tubulation and was compared using the Mann-Whitney U-test. In order 

to correct bias rising from the unequal follow-up time (some patients had a higher number of 

injections due to longer follow-up), monthly injections were calculated so that follow-up time was 

divided with the number of injections.  

A p-value of p<0.05 was taken as statistically significant. For the analyses the IBM SPSS Software 

(Version 22) was used. 
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RESULTS 

 

In the ranibizumab group 184 eyes of 179 patients were evaluated, with a median age of 74 years 

(range 51 to 88), while in the aflibercept group there were 52 eyes of 51 patients with a median 

age of 75 years (range 58 to 87). 

The mean baseline best corrected visual acuities in the two groups were (mean±SD) 59.16±13.9 

(median 61) and 53.96±13.54 (median 55.5) ETDRS letters in the ranibizumab and aflibercept 

group, respectively. There was no significant difference between the two groups (Mann-Whitney 

U-test p=0.083). The BCVA at the end of the follow-up was 57.19±20.19 (median 63) and 

59.46±15.54 (median 64) ETDRS letters in the ranibizumab and aflibercept group, respectively. 

There was no significant difference between the two groups (Mann-Whitney U-test p=0.69). 

Table 1 shows the number of eyes during the follow-up in the two groups. The number of eyes 

was reduced over time due to gradual enrollment in the study, thereby not every patient reached 

the same follow-up time. In the ranibizumab group outer retinal tubulation was observed in 17.4% 

of cases at baseline, in 33.7% of cases at month 6, in 45.3% of cases at month 12, and in 55.3% 

and in 60.8% of cases at months 18 and 24, respectively. The ORT prevalence in the aflibercept 

group was 23.1% at baseline, 40.4% at month 6, and 50% at month 12. 

 

 ranibizumab  aflibercept  

Time point n (eyes) n (eyes) 

Baseline 184 52 

at 6 months 184 52 

at 12 months 161 28 

at 18 months 103 0 

at 24 months 51 0 

Table 1.: Number of eyes reaching the follow-up in the ranibizumab and aflibercept treated 

groups The column with „n” corresponds to the number of eyes reaching the follow-up. 
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The survival analysis showed no significant difference between the ranibizumab and aflibercept 

treated groups in terms of ORT development. (p=0.79, hazard ratio 0.92, 95% confidence interval 

0.500-1.693). (Figure 3) 

 

Figure 3.: Cox proportional hazard model of ORT survival in the ranibizumab and aflibercept 

groups 

 

As per the injection rate, mean injection number per month before ORT appearance was 0.37±0.17, 

while after ORT development decreased to 0.21±0.17 (Mann-Whitney U-test p=0.004). 

The presence of subretinal hyperreflective material at treatment initiation in the two subgroups 

was 75.5% in the ranibizumab, and 80.8% in the aflibercept group. In the ranibizumab treated 

group ORT developed in 85 eyes of 139 eyes with SHRM (61.15%), while without SHRM (45 

eyes) ORTs were found merely in 10 eyes (22.2%) corresponding to a relative risk of 2.75. 

(p<0.01). In the aflibercept treated group 55.81% of eyes with SHRM developed ORT (24 eyes of 
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43). No ORT developed in the eyes without SHRM (out of 9 eyes), consistent with a relative risk 

of 11.14 (p<0.01). 

  

DISCUSSION 

 

Zweifel first described outer retinal tubulation in 2009 [11]. Later the authors reported ORTs in 

various retinal disorders like neovascular AMD, geographic atrophy, polypoidal choroidal 

vasculopathy, non-AMD associated choroidal neovascularization, and other degenerative retinal 

disorders (e.g. retinitis pigmentosa, gyrate atrophy, choroideremia, Stargardt disease, pattern 

dystrophy) [11, 12, 18, 26-30]. 

Most of the studies in the field focused on wet AMD and its relationship with ORT. From these 

reports it is known that ORT is an SD-OCT biomarker, the prevalence of which increases with 

time and is associated with decreased visual acuity [10, 20, 21]. It has also been reported that ORTs 

develop adjacent to areas of subretinal hyperreflective material or atrophy [20, 21]. The differential 

diagnostic importance of outer retinal tubulation lies on its correct identification in OCT scans due 

to its similarity to intraretinal cysts, thus avoiding the possible overtreatment of wet-AMD [11, 

20]. 

In the present study, we evaluated treatment-naïve wet AMD patients treated with ranibizumab 

and aflibercept regarding the presence of outer retinal tubulation. Altogether 236 eyes were 

followed in both groups with no statistical difference between the baseline characteristics of the 

two groups considering age and BCVA. 

The prevalence of ORT continuously increased during the follow-up period, in both groups. In the 

ranibizumab group its prevalence almost quadrupled at the 24-month follow-up, while there was 

a doubling in the aflibercept group in 12 months. Necessary to note, baseline prevalence was lower 

in the ranibizumab group (17.4% versus 23.1%). Dirani et al. found a similar increasing trend in 

their study starting with 2.5% at presentation, reaching 41.6% at 4 years of follow-up [20]. In our 

study the baseline ORT prevalence was higher compared to other reports [20, 21]. The reason 

behind this could be the more advanced disease state at the time of presentation (due to the real-

life nature of our retrospective study) and a relative delay in therapy initiation due to country-
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specific financial difficulties. The relatively poor baseline BCVA in both groups supports this idea 

as well. 

There is one previous article known, describing ORT development in 24 non-treatment-naïve eyes, 

treated with aflibercept only after receiving at least 6 ranibizumab injection, reporting an initial 

97% ORT prevalence which later decreased to 75% [31].  

To our knowledge, our study is the first to report results in treatment naïve patients treated with 

aflibercept and its connection with ORT development. The Cox proportional hazard model 

analysis suggested that there was no difference between the two in-label therapies ranibizumab 

and aflibercept regarding the prevalence of outer retinal tubulation. Lee et al. in the Comparison 

of AMD Treatment Trials study group evaluated the prevalence of ORTs in ranibizumab and 

bevacizumab treated neovascular AMD patients, and found no difference between the two drugs 

related to the prevalence of outer retinal tubulation [21]. 

In the present study we found a statistically significant difference in the monthly injection rate 

before and after the appearance of outer retinal tubulation in the ranibizumab treated group. These 

results suggest that a decrease in the retreatment rate can be expected at patients developing ORT, 

which may be a critical clinical marker. Although a PRN regimen was mandatory to follow in the 

treatment procedure according to the Hungarian guidelines at the time, Lee et al. found no 

difference between the fixed monthly regimen versus PRN regimen in regard to ORT development 

in patients treated either with ranibizumab or bevacizumab [21]. 

We found a statistically significant connection between ORT development and the presence of 

subretinal hyperreflective material at treatment initiation. When subretinal hyperreflective material 

was present the chance of developing ORT was 2.75 and 11.14 higher in the ranibizumab and 

aflibercept groups, respectively, in accordance with the results of Lee et al. in ranibizumab and 

bevacizumab treated patients [21]. 

Our findings, in concordance with the above mentioned study results suggest that ORT is 

independent of the chosen anti-VEGF drug or the dosing regimen of intravitreal anti-VEGF 

treatment. The appearance of ORT suggests that the clinicians can expect a decrease in the number 

of injections when following a pro re nata ranibizumab regimen. Our fixed bimonthly treatment 

with aflibercept did not allow us to analyze the injection rate before and after ORT development 
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in this group. Our study also supports the previously reported higher prevalence of ORT 

development in the presence of subretinal hyperreflective material at treatment initiation [21]. 

There is a number of limitations of our study. Namely, the relatively small sample size in the 

aflibercept group compared to the ranibizumab group, along with the bimonthly follow-up in the 

aflibercept group. We believe that the number of subjects involved in both groups is comparable 

with other studies published in the field, while the bimonthly treatment regimen with aflibercept 

was fixed due to the country-specific guideline regulations. The decreasing number of eyes during 

the follow-up could also bias the analysis by including patients with increasing disease severity. 

However, we believe these factors were similar to those in similar studies available in the field. 

The strength of this report is the comparison of present in-label therapies, ranibizumab and 

aflibercept in wet AMD patients in relation to ORT besides the evaluation of the injection rate in 

association with outer retinal tubulation. Real-life data were used, that makes the study more 

relevant in the daily clinical practice. 

Further studies are needed to explore the nature and development of ORTs employing a 

comparable dosing and follow-up regimen of all three currently available anti-VEGF drugs 

ranibizumab, bevacizumab and aflibercept. 
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PART II: AUTOMATIC IDENTIFICATION OF OCT 

BIOMARKERS 

 

BACKGROUND 

 

The importance of artificial intelligence (AI) and deep learning have already been proven in many 

medical fields such as radiology, pathology and dermatology. With the development of machine 

learning, a branch of AI, it is now possible to automatically recognize anatomical structures or 

lesions in images (segmentation); to assign an image into different categories (classification); and 

also to predict the outcome of a process (prediction). Their disadvantage is the large amount of 

labeled data required and a relatively longer training time. In the contrary, classic image processing 

approaches are well applicable for various detection and segmentation tasks as well, without 

requiring a large set of image data and by that their development can be faster. In ophthalmology, 

thanks to diagnostic innovations of the 21st century, for example optical coherence tomography, 

retinal structures can be visualized with an unprecedented resolution. With the high resolution of 

SD-OCT scans, we can now develop classical image processing and AI methods in order to reduce 

diagnostic and therapeutic errors and promote personalized medicine [32].  

As mentioned before, retinal disorders are among the main causes of severe vision loss and 

blindness worldwide, particularly age-related macular degeneration [4]. Concerning the vast 

prevalence of AMD, development of convenient management strategies is essential. 

With the help of OCT, several disease relevant biomarkers have already been identified in wet 

AMD. Since the activity of the disease is indicated by the presence or absence, or even the amount 

of these biomarkers, retina specialists decide whether to treat or to observe a patient relying on the 

information provided by OCT machines. 

Main criterion of the retreatment process is based on the recurrence of fluid (SRF, IRF) detected 

on OCT scans, offering an easy-to-apply decision-making mechanism. However, consideration of 

other biomarkers could be expedient [32]. For example, reports revealed that any growth in size 

of PED, a separation of the RPE from the underlying Bruch membrane, indicates urgent anti-

VEGF therapy and therefore should be monitored precisely, hence preventing sustained vision 
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disturbances [32]. The importance of SHRM as a biomarker lies in its connection with visual 

acuity, as increased thickness of SHRM and subsequent scar development is associated with 

decreased visual acuity and/or long-term visual loss [32]. ORT is believed to be a specific pattern 

of photoreceptor rearrangement in response to damage, and a decrease in retreatments can be 

expected upon its appearance on OCT scans [33]. 

In 2009, Coscas et al. first reported a new OCT biomarker in wet AMD, the hyperreflective dots 

[9], also known as hyperreflective foci (HF). Their exact pathomorphological origin remains 

controversial, since no histological data is available in the current literature. Reports demonstrated 

that HF response rapidly to anti-VEGF therapy, and were also found to be the first detectable 

change for each clinical recurrence, even before fluid accumulation. Since the main criteria of the 

retreatment process in wet AMD is based on the recurrence of fluid (SRF, IRF) detected on OCT 

scans, the determination of the number of HF can be a potentially more sensitive biomarker than 

the fluid reappearance, which may facilitate earlier decision making, and achieve greater visual 

acuity protection [32, 34–39]. It’s important to note, that in the above-mentioned studies counting 

was conducted manually often using a single B-scan of the retina, where the authors depicted that 

an automated software can help reduce human error [34–39].  

Thus, it is comprehensible that relying alone on the presence or absence of fluid upon when 

deciding whether to treat a patient is no longer adequate, and other biomarkers should be 

considered as well. Still, evaluation of all the biomarkers supplied by OCT and integration of this 

data from each scans of the retina of every patient treated in the Retina Departments is no longer 

feasible for an ophthalmologist, and can only be realized with the help of image processing and 

artificial intelligence. Segmentation and quantification carried out by image processing and AI 

could provide the objective and precise tracking of biomarkers on OCT scans. 

Hence our aim was to create algorithms to automatically identify biomarkers, namely:  

- SRF/IRF 

- PED 

- SHRM 

- ORT 

- HF  
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METHODS 

 

Our work was based on an intense and constant cooperation with a group of image processing 

computer scientists from the Department of Image Processing and Computer Graphics, University 

of Szeged.  

The first step of the process was to gather the clinical data for the project. Our studies were carried 

out in accordance with the principles of the Declaration of Helsinki, and it was performed with the 

ethical approval of the Institutional Review Board of University of Szeged, Albert Szent-Györgyi 

Clinical Center. 

During the 4 years course of the study data of 28 eyes of 28 patients diagnosed with wet AMD 

were retrospectively selected at the Department of Ophthalmology, University of Szeged. These 

patients were either treatment-naïve or treated with anti-VEGF injections and had biomarkers on 

the OCT scans including SRF, IRF, PED, SHRM, ORT and HF. No other retinal diseases were 

diagnosed. SD-OCT volume scans with a quality score above 16 were acquired using a Spectralis 

OCT scanner (Heidelberg Engineering, Heidelberg, Germany, version 6.5.2.0). 

One SD-OCT sequence from 22 patients, two consecutive SD-OCT sequences from 4 patients, 

and three consecutive SD-OCT sequences from 2 patients were collected, hence altogether 36 SD-

OCT sequences were used in the studies. In case of patients with multiple captures, the timespan 

between each recording was at least one month. 

As the dataset was acquired from everyday clinical practice, two slightly different parameter sets 

were used. This is why 14 SD-OCT sequences contained 49 B-scan slices with a distance of 122 

μm between consecutive slices, and 22 sequences contained 25 B-scan slices with a distance of 

251 μm, giving 1236 B-scans altogether. The data processing was performed on a slice-by-slice 

basis, so the slice distance did not influence the results. The dimensions of each SD-OCT image 

were the following: 6 by 6 mm of the macular region, and the slices had a resolution of 512 by 496 

pixels with pixel sizes of 11.45 and 3.87 μm, vertically and horizontally. 

The 4 year long process of the research began with images of merely 11 patients for the 

identification of SRF/IRF, but along with other biomarkers joining the research and fine tuning of 

the algorithms, a 28 patients data bank was reached eventually.  

https://www.inf.u-szeged.hu/en/ipcg
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With the help of computer scientists, a framework was designed where biomarkers on OCT scans 

were identified and annotated by graders. The software used for annotation was the Medical 

Imaging Interaction Toolkit (MITK). MITK is a free open-source software for development of 

interactive medical image processing software. 

Images were assessed by two independent graders (ophthalmology trainees), prior educated by 

two retina specialists using particular definitions for each OCT biomarker examined. The 

definitions were as follows: 

SRF: a hyporeflective space between the neurosensory retinal layers and retinal pigment 

epithelium 

IRF: a round or oval hyporeflective space without hyperreflective walls in the neurosensory retina 

PED: a separation of the retinal pigment epithelium from the underlying Bruch membrane 

SHRM: a medium- to hyperreflective mass between the neurosensory retinal layers and retinal 

pigment epithelium [23]. In case a transitional zone between an SRF and an SHRM appeared as a 

gradual change in reflectivity, making it difficult to determine whether the region was an SRF or 

an SHRM, the zone was marked as SHRM [40]. 

PED+SHRM: a joint complex of PED and SHRM, when they were no longer safely separable (the 

RPE is no more identifiable) [40]. 

ORT: a hyperreflective ovoid-elongated structure in the outer nuclear layer of the retina with lower 

reflective content [11]. 

HF: bright spots with a reflectivity higher than the RPE band, with a diameter between 20 and 40 

μm [35]. 

For the annotation of HF, the graders used the pre-sized Paint option (between 3-6 pixels) from 

the MITK 2D Segmentation tool kit, for all the other biomarkers the Add, Subtract, Correction and 

Erase tool were used, semi-automated freehand drawing tools in the MITK software. (Figure 4.)  



20 
 

 

 

After grader annotation, computer scientists transformed the images using various image 

processing techniques in order to extract features which best characterize these biomarkers; the 

feature extraction being determined and guided by the medical team. The image processing 

methods presented in the dissertation are based on both classical image processing operations and 

deep learning approaches, involving new ideas and combining them with generally known 

techniques.  

The biomarker automatic analysis started with the annotation and identification of SRF/IRF, 

followed by PED, SHRM, ORT and HF.  

An OCT scan of the retina does not solely include the retina, but also some parts of the vitreous 

located anteriorly to the retina and also some parts of the choroid posterior to it. In order to separate 

the retina itself on the B-scan image, its boundaries had to be delineated, namely the internal 

limiting membrane (ILM) and retinal pigment epithelium (RPE). From the location of these two 

parameters the thickness of the retina could also be calculated, which was also used. To help 

identify the biomarkers, another non biomarker abnormality was introduced as well, namely the 

layer distortion (D), which is caused by either accumulation of SRF or the elevation of PED or 

SHRM, or all these together. 

Figure 4.: The user interface of the software MITK. Segmentation tools (black arrow), 

annotated OCT image (white arrow) 
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The structure of our approaches is shown in Table 2. A stair-like frame emerges, where the column 

of ILM/RPE is without mark, every other biomarker/abnormality is built upon previous knowledge 

developed. To deal with our biomarkers, first we had to delineate the boundary layers of the retina 

then search for an approach for measuring the layer distortion.  

 ILM/RPE D SRF/IRF PED/SHRM ORT HF 

Boundary 

layers: 

ILM/RPE  

 X X X X X 

Layer distortion 

(D) 

  X X X  

SRF/IRF    X X X 

Table 2.: The structure of our approaches. Each biomarker and layer boundary/distortion column 

contains the information necessary for its detection. 

Statistical analysis contained visual comparison with manual annotations or with re-implemented 

literature methods, Dice coefficient and Recall (Sensitivity) metrics detailed in each biomarker 

identification section.  

In the next sections a brief summary is given about the methodology of the algorithm development, 

concentrating on the key elements and presenting our results. 

 

Delineation of boundary layers: ILM/RPE 

 

In the last decade, numerous approaches have been described for the detection of ILM/RPE layers 

based on distinct techniques. Classical image processing techniques, such as graph theory or active 

contour method have relatively low tolerance to noise, which is a general characteristic of the 

images, yet may give a more reliable result than a simple clustering algorithm [41-45]. Machine 

learning has been widely used recently, also for retinal layer analysis [46, 47]. Despite the fact that 

methods based on active contour or machine learning provide effective solutions, one should keep 

in mind their time-consuming nature.  
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We developed two methods to delineate the boundary layers of the retina.  

1. Algorithm based on vertically projected data 

 

The quality of the OCT images is usually poor for image processing, so they often require pre-

processing to improve contrast and normalize intensity levels. In favor of reducing the noise of the 

B-scans, noise filtering and contrast enhancement were applied by using a fuzzy operator [48]. 

This operation can highlight major retinal layers with the ILM and RPE enhanced as well (Figure 

5). 

 

 

The basis of our method is the vertical profile calculation of the image; however, OCT images are 

affected by retinal vessel shadows that may yield to false detections. According to our 

observations, the maximal width of detected blood vessel shadows were 10 pixels, thus this 

problem could be eliminated by dividing the image into columns with fixed width size of 10 pixels. 

The next major step of our proposed method is to calculate and analyze vertical profiles of these 

10 pixel width columns, because large intensity steps in pixel density are assumed to correspond 

to change of tissue. To further smoothen the signal, the Savitzky-Golay filter was applied [49]. 

which effectively preserves the adequate high frequency components (Figure 6.). The 

determination of the RPE is a harder problem than the ILM, because of the reflective choroidal 

layers underneath. Change of intensity (reflectivity) in these regions results in several peaks in the 

projections. Fortunately, in most cases, these peaks are not prominent thus do not cause problem 

in choosing the right location. The algorithm chooses the most important local minimum in the top 

Figure 5.: OCT image before (a) and after (b) applying the fuzzy operator. The filter suppressed 

the noise and highlighted boundary layers. 

a b 
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and bottom of that given image column (in our case the ILM and RPE) from the projected data to 

identify the possible inner and outer boundaries. In the next step, with the bars of image columns 

again next to each other the outliers were filtered, and a curve was fitted to the remaining points 

drawing the possible ILM and RPE layers.  

 

 

 

2. Graph-cut based approach 

The vertically projected data approach showed some inappropriate results in layer detection, 

especially when distortion due to PED or SHRM was present, thus we upgraded it, with keeping 

some steps of the previous idea, resulting in better outcomes. No preprocessing of the input data 

was performed, although in many cases the image was remarkably noisy. Graph cut is a semi-

automated method that requires seed points [50]. It works as a connection network and with the 

help of clustering technique, in our case the kernel k-means, the seed points were automatically 

determined. The clusters of pixels are based mainly upon their intensity and proximity from each 

other. In better quality images 5 clusters were isolated empirically, while in poorer quality scans 

the cluster number was increased. With the help of graph cut [51] partitioning was optimized 

resulting in a better classification (Figure 7.). The ILM can be determined using an Otsu 

thresholding [52], because the foreground and background (the vitreous and retina) can be surely 

Figure 6.: Calculated projection for vertical profile analysis. Original data (a) of the 

image column (b) and the Savitzky-Golay filtered data (c) 
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distinguished in the clustered image. The designation of RPE layer is more difficult, so similarly 

to the previous method, vertical projection was calculated in every column and local minimum 

was chosen from the projected data. Prior to fitting a curve to the remaining points, outlier points 

found in our results were needed to be extracted. A shape-preserving piecewise cubic spline 

interpolation was used to determine the RPE layer. 

 

 

 

Evaluation and results 

 

The algorithm was evaluated and validated during comparison of its results against the manual 

delineations of the graders (7 annotated sequences, each of them consisted of 49 slices, 343 B-

scans altogether), calculating the mean, maximum and standard deviation of boundary errors for 

each surface and producing an average result of 1,98, 16,57 and 0,94 pixel respectively (Table 3.).  

 

Figure 7.: (a) original and (b) clustered B-scan image using graph cut 

with 5 clusters 

a b 

Table 3.: Mean, standard deviation, and maximum error (in pixels) between manually 

segmented and automatically identified boundary layers in the 7 annotated OCT recordings. 
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The maximal distance between manually segmented and automatically detected layer boundaries 

was 19 pixels (ca. 73.5 µm). This deviation originates from considerable jumping between B-scans 

and layer distortions caused by merging of PED+SHRM (Figure 8. image c), with which we deal 

later in SHRM section. In most cases, the mean errors were under 2 pixels and deviations were 

insignificant between layers delineated by the annotators and the boundaries determined 

automatically. Figure 8. shows some examples of the automatically segmented and the manually 

annotated layers.  

 

These evaluations were conducted for the vertical projection design. Although there was no 

measurement comparison between our two techniques after the newly developed graph-cut based 

method was introduced, but graph-cut based approach was a more advanced solution. It utilized 

identical steps for RPE delineation as the vertical projection algorithm, with both an upgraded RPE 

detection in layer distorted cases and a developed ILM determination thanks to the clustering 

technique. All in all, graph-cut based approach was applied in further biomarker detection.  

The most prominent advantage of our method is simplicity, using plain image processing 

operations that can be parallelized, without relying on many parameters that are difficult to tune. 

Measurement of retina layer distortion (D) 

The layer distortion (D) is caused by either accumulation of SRF or the elevation of PED or SHRM, 

or all these together. The detection and determination of start and end points of distorted regions 

is a useful prior information for biomarker identification. From the previously defined ILM layer 

points the highest point was selected, i.e. the smallest y coordinate (the (0,0) coordinate at the top 

Figure 8.: Visual comparison of grader annotated (red line) and automatically detected 

(yellow line) layers. B-scan without (a) and with distortion (b, c). Failure of automatic 

detection due to the layer distortions caused by merging of PED+SHRM (c) 

a c b 
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left of the image). Using this point, the image was splitted into two parts, left and right retinal 

segment. The ¼ of either side of the image was disregarded, because they are deformed in most 

cases and layer information is not reliable due to image registration process during image 

acquisition. Lowest ILM points were also determined, i.e. the highest y coordinates in the right 

and left retinal segment and with lines fitted to these side points and the previously defined outer 

boundary layer (RPE), the starting and end point of the distortion were defined (Figure 9.). 

 

 

 

 

 

SRF/IRF 

 

Many researches focus on the automatic detection of SRF, using classical image processing 

methods [53-56] and machine learning methods as well [57-59].  

Based on prior information, we have developed a method that can simultaneously segment and 

differentiate fluid compartments, i.e. SRF and IRF. First, the retina was delineated for processing 

using the graph-cut based method to highlight ILM and RPE layers. An edge-preserving 

anisotropic diffusion filter [60] was used to eliminate various effects of artifacts and image noise. 

With quantization the grayscale image was classified into five intensity levels. This operation 

facilitated the separation of retinal layers from fluid compartments. During the binarization step, 

the brightest image points were kept, which corresponded to fluid regions. In the next phase an 

edge-based smoothening with active contour process was utilized (Figure 10.).  

Figure 9.: Schematic view of the determination of distortion. minyc represents the smallest y 

coordinate (highest ILM point); maxyr and maxyl are the highest y coordinates (lowest ILM 

points) in the right and left retinal segments. 
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With these steps, possible important objects like SRF and IRF were identified, but false segments 

likewise, which needed to be separated from each other. The classification of the filtered objects 

was based on three criteria at the given target level: 

 • the location of the object within the retina [next to the hyperreflective outer boundary 

(RPE or SHRM)] → SRF, OR further from the RPE in the neuroretina → IRF 

 • whether the layer is distorted → SRF, or not → IRF 

 • what is the extent and the shape of the object (smaller oval shape →IRF) 

False segments may also appear in the image, commonly caused by retinal vessel shadowing, but 

considering the fact that these are usually small objects, they can be removed with an area-based 

filtering. The key stages of the procedure explained are summarized in Figure 11. 

 

 

Evaluation and results 

 

The annotations were not yet available at this stage of the research, so we did visual comparison 

of our results with the outcome of two different methods from the literature (Wieclawek’s et al 

[61] and Wilkins et al [62]) (Figure 12). These two existing methods, both segmenting IRF, were 

re-implemented by our research group according to the original papers. Both literature algorithms 

Figure 10.: Intermediate stages of the algorithm for SRF/IRF detection. (a) anisotropic 

diffusion, (b) quantization, (c) binarization, (d) result of active contour. 

Figure 11. Flowchart of the proposed 

algorithm 

a b c d 
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and our approach applied various simple classical image processing solutions and started the 

biomarker segmentation with defining the boundary layers, but this was the only similarity 

between them.  

The segmentation results of the method developed by Wilkins were almost the same as ours, but 

in many cases, it kept false objects. The other method from literature by Wieclawek detected fewer 

possible IRF regions. The reason for their inaccuracies could be the fact that they apply a pre-

specified threshold. In contrast, our method uses dynamic requirements based on prior information, 

thereby these mistakes could be eliminated. The re-implemented methods were tested on images 

containing subretinal and intraretinal fluid as well. The literature approaches could detect SRF, 

because its reflectivity is similar to IRF, but our algorithm could distinguish these two types of 

fluid compartments from each other marking them with a different color (Figure 12.).  

 

 

 

 

 

 

 

 

 

 

Automatically identified subretinal fluid can be quantified and then visually presented in different 

forms. In contrary to the ordinary slice-by-slice display of SRF, providing a good depth content 

Figure 12.: Illustration of detected intraretinal (red) and subretinal fluid (blue) by three 

different algorithms. Rows (from top to bottom): Wilkins et al., Wieclawek et al., our 

method. The first two columns contain only IRF, while the last two have SRF as well. 
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within a slice, the colored overlay provides anatomical content and quantitative parameters 

(thickness and extent of the SRF). To create the color overlay the detected SRF segments were 

summarized in each slice and using this information a new image was generated overlaying the 

original scanning laser ophthalmoscope infrared image (Figure 13.). 

 

 

PED  

 

PED is a separation of the RPE from the underlying Bruch membrane. With the help of our graph 

cut based approach the boundary layers were determined (the elevated RPE was found) and using 

the layer distortion measurement method the start and end point of distortion (in this case the RPE 

elevation) was located. In order to identify a PED, we needed to define the original position of the 

RPE in the distorted region. The points of the RPE layer were taken until the previously detected 

starting point of the distortion was reached in both sides and a quadratic curve was fitted to these 

data. Since it cannot be assumed that the retina was visible on the whole image, the first two 

detected points on both sides of the image was neglected during fitting.  

The height of the PED can be defined as the distance between the maximum point of the distorted 

zone (maximum point of PED) and the pertaining minimum point of the potential normal layer. 

The extent of the PED can be calculated from the enclosed area (Figure 14.). 

Figure 13.: SRF volume thickness color overlay. Left: Red marks denote the SRF in each 

slice. Right: The color scale describes the SRF thickness. 
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SHRM 

 

The retinal morphology and reflectivity may change resulting from changes in the neovascular 

tissue. A good example for that is subretinal hyperreflective material, since it is composed of many 

elements, including fibrin, vessels, blood. The content of SHRM alters over time, thus the 

reflectivity is heterogeneous and changing. In early stages of the disease the border (RPE) of the 

PED is clearly distinguishable from the SHRM and can be separated from each other. 

Nevertheless, due to fibrosis of the neovascular tissue, the SHRM and the vascularized PED 

become isoreflective and the location and presence of RPE will be unclear. In these cases, the 

abnormalities are so inseparable that they are managed as one structure (PED+SHRM).  

Just a few literature methods are available for identification of PED/SHRM and most of them are 

applying deep neural network (DNN) and convolutional neural network (CNN) [40, 63]. Our 

method is based on classical image processing techniques, and opposite to deep learning methods 

it requires substantially less data and training time. 

Classification of PED vs. SHRM 

 

To localize these biomarkers, a graph cut technique with clustering was used. The pixel-intensities 

of PED and SHRM are close to each other, but with proper clustering they can be separated. 

Figure 14.: Example of our PED detection. Red curve demonstrates the detected boundaries 

(ILM/RPE) and green indicates the original RPE position/Bruch membrane.  
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Clusters are sampled from the distorted region areas (determined utilizing our layer distortion 

approach), because both PED and SHRM are located around the RPE layer, along or near the 

distortion. To reduce the clusters to the sought segments only, our prior technique was applied to 

detect SRF/IRF and exclude them. We investigated in a specific range around the RPE layer, since 

SHRM is located above the RPE in the subretinal space. Therefore, a threshold was determined 

using the thickness of the retina: 

 

 

 

where CF represents the binary image, x is the actual x position, max(y) is the actual maximum y 

position and RT denotes the calculated retinal thickness (from ILM and RPE layers). The clusters 

above the RPE are separated as SHRM, and underneath it as PED.  

Evaluation and results 

 

The evaluation dataset consisted of 18 recordings with 25 and 49 slices (594 B-scans altogether). 

The results of our method were compared with the annotations produced by the graders, using the 

Dice coefficient and Recall metrics. The location of the possible SHRM is not clearly detectable 

in many cases, due to fibrotic changes and merging of PED and SHRM. Most of the errors 

committed by our algorithm were in these parts, which were annotated as PED+SHRM by the 

graders. Even so, the average Dice coefficients were above 0.75 in both cases and the Recall was 

0.93 for PED and 0.77 for SHRM (Figure 15.). In Figure 16. illustration of our detection are 

demonstrated. The CNN-based method mentioned earlier [40] also determined these biomarkers 

with similar efficiency. This means that in order to segment PED and SHRM a complex system 

with a large image database is not definitely necessary. 
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ORT 

 

To our knowledge, our study was the first to report methods of automatic identification for ORT 

segmentation. Two sorts of approaches were tried: a classical image processing technique and a 

machine learning method. 

Figure 15: Box plots representing the Dice coefficients of PED and SHRM detection by our 

developed algorithm. In both cases, the mean Dice coefficients were greater than 0.75. Black 

cross = mean Dice coefficient 

 

Figure 16.: Examples of grader annotated (middle row) and automatically detected (bottom 

row) PED and SHRM, marked with red and yellow, respectively. 
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Detection using classical image processing operators 

 

The ORT has hyperreflective border with a hyporeflective content, thus our procedure is based on 

finding the hyperreflective points of its border. Using Wiener filter the image noise was reduced, 

then using a Hessian detector the reflective points were localized [64]. Since ORT is in the outer 

nuclear layer within the distorted retina region or its neighborhood, we used our prior method for 

distortion location and calculated the retina thickness (knowing the boundaries of the retina with 

our graph cut method) keeping those points only located in the outer third of the retina. Biomarker 

areas previously identified such as SRF/IRF were excluded using their detection methods. To 

distinguish between the hyperreflective wall of the ORT and its surroundings, adaptive histogram 

equalization was performed with hysteresis thresholding. After this step, points that were part of 

an object were retained, and their distance map [65] was computed. The map was thresholded and 

finally the convex hull of the objects was computed (Figure 17.). 

 

ORT localization with neural network – i.e., machine learning method  

 

The previously presented method based on classical image processing operators was overly 

meticulous against more diverse images, thus we have developed a more general approach, a 

variant of deep neural network, namely a convolutional network (CNN). CNNs are one of the most 

suitable deep learning architectures for imaging data, providing new solutions day by day. It is 

well-known that the more training data available for deep neural networks, the more precise results 

achieved. In our case 8 sequences containing 25 or 49 B-scans (320 B-scan all in all) were 

annotated by each grader, but for the network training only the ORT positive images were used, 

ergo 132 scans altogether. Since the available amount of training data was small, real time 

Figure 17.: Some stages of the algorithm based on classical image processing operations for 

ORT identification. (a) Wiener filter, (b) Hessian detector, (c) segmented ORT. 

a b c 
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augmentation techniques were administered to raise the data, thus reducing overfitting. The 

techniques for augmentation were: rotation, horizontal mirroring, shearing, vertical and horizontal 

shifting. To save computation time, the images were resized (220×256 pixels), and the intensities 

were normalized to be in range [0, 1]. and then standardized. Nested cross-validation was applied 

for hyperparameter tuning and for measuring the test error. The original version of the U-Net 

architecture [66] (the name of it originates from the U shape of the architecture), a type of CNN, 

was used, but slightly modified: 

• reducing the number of layers - to accelerate training time,  

• doubling the number of filters in each layer - to supply larger capacity to the model  

• administering Dropout [67] between all convolutional layers but the last two - to prevent 

overfitting 

Stochastic gradient descent was used for optimizing the loss function.  

 

Evaluation and results 

 

Merely 0.3% of the whole dataset was segmented as ORT, a biomarker that varies in number and 

presents frequently small both in size and in number in the images. For statistical analysis only 

those images were considered which contained segmentation using global and object Dice 

coefficients, since there were images with multiple ORTs. Dice coefficient measures how precise 

a segmentation is; however, our main goal was not a perfect segmentation of ORT, but the 

cardinality of them objects. To fulfill this, the object level Recall was measured, which describes 

how many annotated ORT objects were found in the segmentation. To create a union of annotations 

for the images graded by the two experts, the masks of the graders’ annotated image sets were 

combined using a logical operator. This served as a basis for statistical analysis. Table 3. shows 

the average of achieved Dice and Recall values. The object level Dice coefficient was better than 

the global one, suggesting that if ORTs were present the model could segment them properly. The 

object level Recall reached the performance of graders with 0.847, meaning that our model can 

assist ophthalmologists to identify ORT in OCT images.  
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Taking a brief look at the segmentation examples seen in Figure 18., images demonstrate a 

reasonably good performance of the model both in precise localization and finding each object in 

most of the cases. The reason for mistakes were usually elongated open-type ORTs as shown in 

the third column. 

  

 

 

 

 

HYPERREFLECTIVE FOCI 

For the automatic identification of HF, machine learning techniques were utilized. 8 different 

neural networks were developed and compared with the annotations of the two graders. 

The 8 different neural networks consisted of 4 basic types:  

Table 3.: Performance of the graders (MD_1 and MD_2) and the proposed convolutional 

network. The first two rows represent the graders results against each other. In the third row 

the results of our modified U-Net architecture against the union of the graders are listed. 

Figure 18.: Examples of annotated (middle row) and detected (bottom row) ORT biomarkers. 

The first row contains the original input images. The reason for mistakes were usually 

elongated open-type ORTs as shown in the third column. 
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- Artificial Neural Networks (ANN),  

- Deep Rectifier Neural Networks (DRNs),  

- Convolutional Neural Networks (CNN), and  

- Fully Convolutional Neural Networks (FCN),  

and 4 modified types of neural networks, such as: 

- Pixel ANN and Pixel DRN (just using raw pixel data to validate the quality of the 

extracted features),  

- Split DRN (it had a split first hidden layer; half of the neurons being connected to the 

pixel input and the other half being connected to the feature vectors) 

- Dice DRN (trained with the same error measure that was used in the final evaluation). 

When constructing our automatic segmentation framework, data processing was divided into 

consecutive stages. These were data preparation, feature extraction, training, and evaluation 

performed on different models. It should be noted that the 8 different methods required different 

pre- and post-processing steps and they have different data flowcharts. The flow chart of the data 

preparation can be seen in Figure 19., while the flowcharts for the segmentation methods are 

depicted in Figure 20. 

 

 

 
Figure 19.: Steps and output data of the data preparation 

procedure 
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Data preparation 

 

Two sets of OCT data were used for our study. The first data set was used for training and testing 

the methods, and for selecting the best network structure. The purpose of the second dataset was 

to further validate the best performing network structure. The first data set was collected from 16 

eyes of 16 patients diagnosed with wet AMD, as per follows: 1 SD-OCT sequence from 11 

patients, 2 consecutive SD-OCT sequences from 3 patients, and 3 consecutive SD-OCT sequences 

from 2 patients, thus altogether 23 SD-OCT sequences (14 SD-OCT sequences with 49 B-scans, 

and 9 sequences with 25 B-scans, giving 911 B-scans altogether). 

The 911 B-scans, after being converted from white-on-black to black-on-white images, were 

annotated separately by the two graders for training and evaluation purposes. The first dataset was 

divided into two parts. Here, 19 out of 23 sequences were used for the preparation of the methods, 

i.e., designing the features and training the networks. 4 sequences (which we called the test 

dataset), each containing 49 slices, were kept for evaluation purposes. These recordings originated 

Figure 20. An outline of the data flow used in the image segmentation process 
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from 4 different patients, whose data was not included in any way in the training and data 

preparation process. The data flow of the procedure is shown in Figure 21. Images of the test 

dataset were selected according to the criterion of holding various amounts of HF. 

The second dataset consisted of 8 sequences of 7 patients. The data of the selected patients was 

not included in the first dataset in any form. Each sequence of the second dataset contained 25 

slices, and – just like the first test dataset – also had various HF counts. This data set – which we 

called secondary test dataset – was entirely used for further validation of the best performing 

network. 

 

 

 

The input of the Convolutional and Fully Convolutional networks were the images themselves, 

while the input of other Neural Networks was created on a pixel-by-pixel basis. A feature vector 

was generated for each pixel that served as a basis for classification. These features characterize 

Figure 21. Illustration of how the data was partitioned 
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the indicators of HF, and they were extracted by applying image processing techniques described 

below.  

Image preprocessing and feature generation 

 

 The feature extraction for the DRNs and the ANN was performed after taking into account the 

suggestions made by retina specialists. According to the literature, our relevant targets are small 

bright spots with a reflectivity higher than the RPE band, and have a diameter between 20 and 40 

μm [35]. They are also known to occur near sub-retinal fluid [34–37]. HF are similar to pigment 

particles and blood vessels in the inner retinal layers, so in order to clearly distinguish HF from 

them, different types of features were used. 

First, the feature vectors contained raw pixel information. For each pixel, the first feature was its 

intensity, and the 23 × 23 vicinity and local information was provided concerning the intensity of 

the pixels for the neural networks (see Figs. 19. and 20.).  

Furthermore, other pixel-wise feature vectors were generated by using various image processing 

techniques, described below.  

Eleven feature values were obtained by convolving the images with different Laplacian of 

Gaussian (LoG) filters, providing a basis for bright spot detection. The spatial properties of the HF 

were also exploited, i.e., commonly located in the outer retinal layers, and/or around pockets of 

fluid accumulation [34–37]. For this reason, the ILM and RPE layer was determined. Subretinal 

fluid was also detected using our methods (described earlier in the thesis). Having detected the 

boundaries and the fluid, distance maps were generated from the specified regions, and for each 

pixel, three distance values were included (the distance between the processed pixel and the ILM, 

RPE and SRF) in the feature vector. These values are depicted in Figure 22e–g. Next, difference 

between HF, pigment particles and blood vessels were quantified. Pigment fragments and blood 

vessels cast shadows on OCT images, which appear as a 20–40 pixel long vertical dark area under 

the bright spot, whereas HF do not generate such shadow. This is why differentiating between HF, 

pigments and blood vessels was achievable by calculating the average of the pixel values below 

the pixel coordinate shown in Figure 22h. 



40 
 

 

 

Training the nets  

 

Using the training dataset and the extracted features, several networks were trained for the task to 

classify the pixels as either HF pixels or as part of the background. 

As only a small percentage of the training data pixels belonged to the HF (less than 1 thousandths 

of the pixels were HFs), we chose to re-sample the data during training using probabilistic 

sampling. One should know that in case one of the classes is significantly overrepresented during 

training, it might bias the Neural Network and favor the most frequent class on its output. In our 

case only a few pixels formed part of the HF, so this problem created a serious issue during 

Figure 22. Feature maps generated by image preprocessing: a) the original image; b) location 

of HF according to the two experts (red, green); c–d) the results of LoG filters; e–g): a 

distance map from ILM, RPE and SRF, respectively; h) a convolution with the vertical mask. 
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training. To overcome this problem, it is necessary to balance the class distribution by presenting 

more examples taken from the rarer classes to the model. Usually, we have no way of generating 

additional samples from a rare class, so balancing can be achieved by either reducing the number 

of the examples belonging to the most common classes (downsampling) or by presenting the rare 

examples more frequently (upsampling). Probabilistic sampling [68] offers a third option where 

one combines the two previous sampling methods at the same time. 

Evaluation  

 

After the training phase, segmentations of the test data were performed with the trained nets. The 

retina specialists of the research group evaluated the output images, and also numerical 

measurements were performed using the Dice coefficient as an accuracy metric. For a systematic 

evaluation, the scores were compared with the annotations of the two graders. Afterwards, to get 

a baseline for the desired accuracy, annotations of the graders were compared with each other. The 

annotated data were compared with the segmentation results of the neural networks on a pixel 

basis, using the original and a modified version of the Dice formula. Although the annotation of 

the data was performed using a pre-sized Paint tool in MITK, it included small (1–2 pixel) 

misalignments at the edges of the HF due to the unperfect sizing and placement by the graders 

(see, e.g, the manual segmentations in Figure 23.). Therefore the modified Dice formula included 

a small tolerance, i.e., a positive pixel was accepted – of either the reference or the segmentation 

– as a true positive, if the other image had a positive label in a given vicinity. 

Results and discussion  

 

Examples of the segmentations produced by the nets can be seen in Figure 23. The numerical 

results of the various comparisons are listed in Table 4. The values in the table that were nearly as 

accurate (they had a Dice coefficient higher than 95%) as the overlap between the two annotating 

doctors have been highlighted. Observing the results, it is clear that the performance of different 

networks varied greatly. The best results were produced by the FCN. In most cases its score was 

close to – or even higher than – the baseline between the annotators. Apart from the FCN, other 

networks performed quite well, especially the DRN using all the features, and the Dice DRN. The 

good performance of the Dice DRN can be accounted for by its loss function, as this network was 
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trained with the same error measure that was used in the final evaluation, hence the training process 

could be improved. The DRN with the full feature set, however, had additional information 

extracted from the image, and helped to find a better model. 

 

Based on these results, it can be concluded that FCN, Dice DRN and Full DRN could provide 

accurate segmentations of HF on OCT images, which in terms of accuracy are close to the 

correlation values gained between manual segmentations. 

Figure 23. Segmentation examples of an OCT image by manual annotation (Dr1 and Dr2 

representing the two graders), and by the three best neural networks: FCN, Dice DRN and 

DRN 
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As a further validation of the results, we decided to perform tests using the 8 new sequences of the 

secondary test dataset and evaluated the best performing net, the FCN. These results can be seen 

in Table 5. 

In the new tests, the network was assessed on the first and second dataset separately. The 

assessment was extended by including the Precision, Recall, and AUC values. Looking closely at 

the results, one can see a slight shift in the balance towards the Recall value. It seems that the 

networks tend to segment a few more HF than the human annotators. This may be due to the 

uncertainty of the annotations in the test dataset. We also found that the results for first and second 

Table 4.: Dice coefficients got for the various types of neural networks with different pixel 

tolerances. (Values above 95% of the baseline are highlighted in bold.). 
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datasets were comparable, and in both cases, the FCN produced results close to the baseline in the 

Dice, Precision, Recall and AUC values. 

 

Conclusions 

 

Previous research on the topic mainly focused on the assessment of HF in manually annotated 

datasets counting in a single B-scan [34–39] without automated evaluation, while our study 

focused on the automatic segmentation of HF in whole OCT sequences. One parallel study about 

automatic detection of HF was published [69] on arXiv (a peer-review free system), where the 

authors applied deep learning based methods using variants of the U-Net [66]. The approach 

Table 5.: Evaluations of the FCN on the Test and Secondary test datasets. The table contains 

statistics that compare the annotations of the two graders with each other and with the FCN. 

The columns give Dice, Precision, Recall and AUC values evaluated on the complete 

datasets. The sub-tables give statistics for different tolerances in the vicinity of positive 

pixels. (Values above 95% of the baseline are highlighted in bold.). 
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described by our group differs from the previous study involving training nets from two parallel 

sets of uncertain data. Moreover, two independent evaluations were performed of our models by 

comparing the network outputs with the annotations of the two graders.  

The novelty of our study lies in testing various neural networks for the automatic segmentation of 

HF. Unlike previous studies, neural networks were trained not only by relying on raw pixel 

information, but also on features extracted by image preprocessing steps. The annotations of two 

different graders were compared with each other to determine a baseline accuracy for HF 

segmentation as a reference for our methods. Our methods were evaluated on two test datasets, 

and we found that our methods led to Dice Coefficients values comparable with the similarity 

score between manual annotations performed by the physicians of the research group. Lastly, we 

demonstrated that in contrast to current trends, small networks can also provide reasonably good 

results, and they do not need enormous amounts of training. Our given methods are robust in the 

sense that they were trained using a small amount of uncertain data, and this allows one to adapt 

them to new environments with a minimal burden on the valuable time of medical staff. 
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SUMMARY AND CONCLUSIONS 

 

Technological and scientific progress experienced in the field of retina is unlike any other subfields 

of ophthalmology lately. Optical coherence tomography (OCT) reinterpreted the definition of 

imaging by providing an unprecedented resolution of ophthalmic structures. Tremendous amount 

of data arised both from this constantly developing imaging technology and the knowledge it 

generated. As the layers of the retina can be now visualized almost on a histological level, 

numerous details and features, typically appearing in retinal disorders, were discovered and 

described recently, namely the OCT biomarkers.  

Albeit improvement shall support the work of the ophthalmologists, recognition, quantification 

and processing of all these details does not appear viable in the routine work of a physician. This 

antilogy could only be resolved in an interdisciplinary approach, combining the expertise of 

clinicians and modern computational tools used in the fields of image processing and artificial 

intelligence (AI) [10]. Applicability of AI has already been proven in several field of medicine, 

and presented clinically acceptable diagnostic performance in detecting many retinal diseases, 

such as diabetic retinopathy, glaucoma, retinopathy of prematurity and AMD [70]. 

Both the prevalence and the significance of age-related diseases show an increasing tendency due 

to longer life expectancy of populations [3]. Retinal disorders are among the main causes of severe 

vision loss and blindness worldwide, particularly age-related macular degeneration [4]. Because 

of the large prevalence of AMD, the proper management is crucial. With the help of OCT, several 

disease relevant biomarkers have been identified in AMD, but their exact recognition and manual 

quantification is not just time consuming, but also impractical. Fine changes of these biomarkers 

determine whether to treat a wet AMD patient, and considering the price of a single anti-VEGF 

injection, there is a need for a diversified and profound knowledge with an increasingly precise 

decision making in order to maximize the effects of the therapy, but also to reduce unnecessary 

costs.  

The PhD thesis summarized the work of improving our comprehension of OCT biomarkers in wet 

AMD. First, outer retinal tubulations were investigated in a retrospective real-life study.  
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1.) Our study found no significant difference between the ranibizumab and aflibercept 

treated groups according to ORT development, meaning ORT is independent of the chosen 

anti-VEGF drug or the dosing regimen of intravitreal anti-VEGF treatment. To our best knowledge 

this was the first publication, which presented results in treatment naïve patients treated with 

aflibercept and its connection with ORT development. 

2.) There was a statistically significant reduction in the frequency of injections in the pro re 

nata ranibizumab treated group before and after ORT appearance, meaning that the clinician 

can expect a decrease in the number of injections after ORT development. Our fixed bimonthly 

treatment with aflibercept did not allow us to analyze the injection rate before and after ORT 

development in this group. Our study was the first to report results according to injection rate. 

3.) The presence of SHRM at treatment initiation as a biomarker had a statistically 

significant correlation with the development of ORT in both groups. When SHRM was present 

the chance of developing ORT was 2.75 and 11.14 higher in the ranibizumab and aflibercept 

groups, respectively. No previous reports were found, which presented results in treatment naïve 

patients treated with aflibercept in this topic. 

In the second part of the thesis our collaboration with computer scientists was presented that 

resulted in novel algorithms, which can automatically identify and quantify OCT biomarkers (such 

as SRF, IRF, PED, SHRM, ORT, HF) using classical image processing and artificial intelligence. 

The developed toolset is essential for further investigations of medically relevant questions in 

relation with OCT. 

4.) I acted as the key medical expert in the development of an OCT image analysis toolset. My 

contributions were: raising the problem; selecting the adequate OCT images; performing and 

supervising biomarker annotations required for training and validation; explaining the properties 

and thus the characteristic features of biomarkers; evaluation of the results from a medical point 

of view.  

In further investigations we would like to use our biomarker identification algorithms on a bigger 

number of real-life wet AMD patients, to look for possible relationships and correlations in their 

appearance and behavior. More specifically we would like to study the fluid compartments 

(SRF/IRF) and HF changes with the precise help of AI, whether HF is really a more sensitive 
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marker than the fluid reappearance. With farther help of computer scientists, we try to develop 

decision-aiding mechanisms to classify the different subtypes of wet AMD and to help in treatment 

decisions. We also plan to extend the software with including other ophthalmologic conditions, 

such as diabetic macular oedema and retinal vein occlusion.  
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Abstract

Background: We aimed to analyze the differences in the prevalence of outer retinal tubulation (ORT) in
neovascular age-related macular degeneration (AMD) treated with anti-vascular endothelial growth factor (anti-
VEGF) agents, either aflibercept or ranibizumab. Our further aim was to examine the changes in the frequency of
injections of ranibizumab before and after ORT appearance.

Methods: Two hundred thirty six eyes of 230 patients were included in the study (184 eyes treated with
ranibizumab by pro re nata regimen (PRN), 52 eyes with aflibercept bimonthly) and followed for 6–24 months.
Using optical coherence tomography (OCT), the first appearance of ORT was documented, and fixed time point
evaluations were also made every six months to determine the existence of ORT. The number of injections, the
presence or absence of subretinal hyperreflective material (SHRM) at treatment initiation and visual acuity were also
noted.

Results: The survival analysis with Cox proportional hazard model showed no significant difference between the
ranibizumab and aflibercept groups in relation to the development of ORT (p = 0.79, hazard ratio 0.92). In the PRN
treated ranibizumab group the number of injections showed significant decrease after ORT development (p = 0.004).
When SHRM was present at treatment initiation the chance of developing ORT was 2.75 and 11.14 times higher in the
ranibizumab and aflibercept groups, respectively.

Conclusions: The prevalence of ORT increased over time independently from the chosen anti-VEGF drug. Our results
suggest that upon the appearance of ORT a decrease in retreatments can be expected.

Keywords: Outer retinal tubulation, Prevalence, Anti-VEGF, Aflibercept, Retreatment, Subretinal hyperreflective material

Background
Outer retinal tubulation (ORT) is a spectral-domain op-
tical coherence tomography (SD-OCT) biomarker [1], first
described by Zweifel et al. [2]. They defined ORTs as
hyporeflective, branching tubular structures with hyperre-
flective borders within the outer nuclear layer of the retina
[2]. The “en face” OCT technique can help map these

branching networks [3]. ORTs have been observed in
many retinal diseases, including exudative age-related
macular degeneration (AMD) [2]. Based on histological
reports, the border of the outer retinal tubulation consists
of photoreceptor inner segment mitochondria and exter-
nal limiting membrane (ELM), with fluid and photorecep-
tor outer segments being potentially present in the ovoid
hyporeflective lumen of the ORT [4–6]. Adaptive optics
scanning laser ophthalmoscopy findings are in correlation
with histology reports and show lack of ORT cone
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reflectivity which can be due to the loss of cone outer seg-
ments and subsequent retinal remodeling [7].
Schaal et al. classified outer retinal tubulations as

either open (incomplete closure with curving external
limiting membrane at the ends, horizontally elongated
shape in cross-section) or closed (completely encircled,
oval shape in cross-section) ORTs [4].
ORT can be mistaken for intraretinal cysts, or subretinal

fluid but with the recognition of its hyperreflective border
and special occurrence in the outer nuclear layer these
mistakes can be reduced, leading to a reduction in the rate
of anti-VEGF overtreatment in exudative AMD [2].
The ORT prevalence in exudative AMD is low at the

time of first diagnosis but over time during anti-VEGF ther-
apy its prevalence increases [8, 9]. The importance of ORT
as an OCT biomarker for photoreceptor degeneration is
due to its connection with reduced visual acuity [1, 8–10].
It has been also reported that ORTs develop above areas

of subretinal hyperreflective material (SHRM) or atrophy
[8, 9]. SHRM is a medium- to hyperreflective mass be-
tween the neurosensory retinal layers and retinal pigment
epithelium on OCT [11]. It usually represents either a type
II choroidal neovascular complex or is the consequence of
an active choroidal neovascularisation, including subretinal
haemorrhage and lipid or fluid exudation [1, 11, 12].
The aim of the present study was to investigate the

prevalence of ORTs in eyes with neovascular AMD
undergoing treatment either with ranibizumab or afliber-
cept. Our further aim was to examine the changes in the
frequency of injections before and after ORT appearance.
We also assessed the presence of subretinal hyperreflec-
tive material and its relationship with ORT.

Methods
Ethics, consent
This retrospective study was performed at the Medical
Retina Unit of the Ophthalmology Department of
University of Szeged, in Hungary. The study was ap-
proved by the Institutional Review Board of University of
Szeged Albert Szent-Györgyi Clinical Centre (reference
number: 3650) and was in accordance with the ethical
standards of the Declaration of Helsinki. Since this was a
retrospective review of patient data, informed consent was
not required. The need for a consent was formally waived
by the ethics committee, and this was also in line with the
national regulations.

Patients
Treatment-naïve exudative AMD patients were enrolled
in the study. For the ranibizumab group enrollment took
place between October 2014 to April 2016 while patients
in the aflibercept group were enrolled between April
2015 to April 2016.

All patients were over 50 years of age, the mean
follow-up period was 16.3 months and 9.2 months (range
6–24 months and 6–12 months) in the ranibizumab and
aflibercept groups, respectively.
During each visit a comprehensive ophthalmic examin-

ation was carried out including best-corrected visual acuity
(BCVA, Early Treatment Diabetic Retinopathy Study
(ETDRS) score) assessment, slit-lamp biomicroscopy,
dilated funduscopy and SD-OCT examination of the
retina (Heidelberg Spectralis, Heidelberg Engineering,
Heidelberg, Germany). Eyes with poor quality SD-OCT
scans (Q index below 20) or with poor compliance were
excluded from the study (14 eyes from the ranibizumab
and 3 eyes from the aflibercept group).
Treatment regimen for both ranibizumab (0.5 mg) and

aflibercept (2 mg) started with 3 monthly injections.
After this initiation phase the ranibizumab group was
treated by a pro re nata (PRN) regimen with follow-up
visits scheduled monthly. The retreatment criteria for
ranibizumab patients consisted of any subretinal or
intraretinal fluid on OCT, or new haemorrhage on fun-
duscopy. In the aflibercept group follow-up after the
loading phase was scheduled every two months, treat-
ment was given at each follow-up. The above regimens
were in accordance with the available treatment guide-
lines in Hungary at the time of the study.
For SD-OCT imaging a pattern size of 5.8 × 5.8 mm,

20° × 20° was applied with 25 B-scans, using the “fol-
low-up” mode. By manual review of the scan volumes
we determined the first appearance of the ORT in both
groups. We also assessed the presence of ORT at fixed
time points at baseline, month 6 and 12 in both groups
and at months 18 and 24 in the ranibizumab group. Im-
ages were assessed by two independent retina specialists,
in case of incongruity the images were referred to a third
retina specialist to make a decision. During the evalu-
ation of OCT scans we did not differentiate between the
above described open (incomplete hyperreflective ring)
and closed (complete hyperreflective ring) forms of ORT
according to Schaal [4]. Thus, both types of ORT detected
on the images were considered an ORT positive case. The
criterion of ORT was a hyperreflective ovoid-elongated
structure in the outer nuclear layer of the retina with
lower reflective content (Fig. 1).
The readers also identified the presence or absence of

subretinal hyperreflective material on SD-OCT images
at treatment initiation. The criterion for SHRM was a
medium- to hyperreflective mass between the neurosen-
sory retinal layers and retinal pigment epithelium, as
described by Keane et al. [11] (Fig. 1).

Statistical methods
The BCVA was compared across the two groups using
the Mann-Whitney U-test. The survival analysis for
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ORT development was analyzed by a Cox proportional
hazard model. We analyzed the correlation between the
presence of SHRM at treatment initiation with the de-
velopment of ORT by Chi-square test and calculated
relative risks. Where zeros were involved for the compu-
tation of relative risk, 0.5 was added to all cells, accord-
ing to the previous suggestions [13].
The injection rate was calculated only in the PRN

treated ranibizumab group due to the fixed 2 month
therapeutic regimen of aflibercept. We assessed the in-
jection rate only before and after the appearance of
outer retinal tubulation and compared using the the
Mann-Whitney U-test. In order to correct bias due to
the unequal follow-up time (some patients had a higher
number of injections due to the longer follow-up), we
divided the follow-up time with the number of injections
and calculated with monthly injections.
A p-value of p < 0.05 was taken as statistically significant.

For the analyses the IBM SPSS Software (Version 22)
was used.

Results
In the ranibizumab group we evaluated 184 eyes of 179
patients, with a median age of 74 years (range 51 to 88),
while in the aflibercept group there were 52 eyes of 51
patients with a median age of 75 years (range 58 to 87).
The mean baseline best corrected visual acuities in the

two groups were (mean ± SD) 59.16 ± 13.9 (median 61)
and 53.96 ± 13.54 (median 55.5) ETDRS letters in the
ranibizumab and aflibercept group, respectively. There
was no significant difference between the two groups
(Mann-Whitney U-test p = 0.083). The BCVA at the
end of the follow-up was 57.19 ± 20.19 (median 63)
and 59.46 ± 15.54 (median 64) ETDRS letters in the
ranibizumab and aflibercept group, respectively. There

was no significant difference between the two groups
(Mann-Whitney U-test p = 0.69).
Table 1 shows the number of eyes during the follow-up

in the two groups. The number of eyes was reduced over
time due to gradual enrollment in the study, thereby not
every patient reached the same follow-up time. In the
ranibizumab group outer retinal tubulation was observed
in 17.4% of cases at baseline, in 33.7% of cases at month 6,
in 45.3% of cases at month 12, and in 55.3% and in 60.8%
of cases at months 18 and 24, respectively. The ORT
prevalence in the aflibercept group was 23.1% at baseline,
40.4% at month 6, and 50% at month 12.
The survival analysis showed no significant difference

between the ranibizumab and aflibercept treated groups
in terms of ORT development. (p = 0.79, hazard ratio
0.92, 95% confidence interval 0.500–1.693) (Fig. 2).
The injection rates showed that the mean injection num-

ber per month before the ORT appearance was 0.37 ± 0.17
while after the ORT development it decreased to
0.21 ± 0.17 (Mann-Whitney U-test p = 0.004).
The presence of subretinal hyperreflective material at

treatment initiation in the two subgroups was 75.5% in
the ranibizumab, and 80.8% in the aflibercept group. In

Fig. 1 Outer retinal tubulations and subretinal hyperreflective material on an SD-OCT single B-scan. Open and closed ORTs in cross section
(left and right solid arrows) above subretinal hyperreflective material (dash arrow). The definition of ORT was a hyperreflective ovoid-elongated
structure in the outer nuclear layer of the retina with lower reflective content

Table 1 Number of eyes reaching the follow-up in the
ranibizumab and aflibercept treated groups

Ranibizumab Aflibercept

Time point n (eyes) n (eyes)

Baseline 184 52

at 6 months 184 52

at 12 months 161 28

at 18 months 103 0

at 24 months 51 0

Table legend: The column with “n” corresponds to the number of eyes
reaching the follow-up

Kovacs et al. BMC Ophthalmology          (2018) 18:298 Page 3 of 6



the ranibizumab treated group ORT developed in 85
eyes of 139 eyes with SHRM (61.15%), while without
SHRM (45 eyes) ORTs were found merely in 10
eyes (22.2%) corresponding to a relative risk of
2.75. (p < 0.01). In the aflibercept treated group 55.81%
of eyes with SHRM developed ORT (24 eyes of 43). No
ORT developed in the eyes without SHRM (out of 9 eyes),
consistent with a relative risk of 11.14 (p < 0.01).

Discussion
Our study found no significant difference between the
ranibizumab and aflibercept treated groups according to
ORT development. There was a statistically significant
reduction in the frequency of injections in the ranibizu-
mab treated group before and after ORT appearance.
The presence of SHRM at treatment initiation as a bio-
marker had a statistically significant correlation with the
development of ORT in both groups.
Zweifel first described outer retinal tubulation in 2009

[2]. Later the authors reported ORTs in various retinal dis-
orders like neovascular AMD, geographic atrophy, polypoi-
dal choroidal vasculopathy, non-AMD associated choroidal
neovascularisation, and other degenerative retinal disorders
(e.g. retinitis pigmentosa, gyrate atrophy, choroideremia,
Stargardt disease, pattern dystrophy) [2, 3, 14–19].
The pathogenesis of ORT formation is still not com-

pletely clear, though recent reports helped a lot explor-
ing it. Dolz-Marco et al. called the attention on the role
of Müller cells in the pathomechanism of ORT develop-
ment, namely the progressive photoreceptor damage

that can result in Müller cell activation which thereby
starts to produce glial fibrillary acidic protein, facilitating
the formation of ORT [20]. Based on histological exami-
nations it seems that the evolution of ORT starts with
ELM and ellipsoid zone disruption [4]. ELM starts to
scroll inward at its free edges, representing an initial
form of ORT, leading to the development of a formed
open ORT. With time the large, open ORTs split, their
margins beginning to scroll ending in multiple smaller
closed ORTs. During the scrolling process a downward
displacement of adjacent inner nuclear layer and outer
plexiform layer happens separating each ORT, and caus-
ing the appearance of microcystic lesions in the inner
nuclear layer. The downward displacement of these
layers might be due to the involvement of Müller cells in
this scrolling/dragging process as Müller cells are con-
tributing to the constitution of ELM with the inner
segments of photoreceptors [4, 15, 20, 21].
Most of the studies in the field focused on exudative

AMD and its relationship with ORT. From these reports
it is known that ORT is an SD-OCT biomarker, the
prevalence of which increases with time and is associ-
ated with decreased visual acuity [1, 8, 9]. It has been
also reported that ORTs develop adjacent to areas of
subretinal hyperreflective material or atrophy [8, 9]. The
differential diagnostic importance of outer retinal tubu-
lation lies in the avoidance of overtreatment due to its
similarity to intraretinal fluid [2, 8].
In the present study, we evaluated treatment-naïve ex-

udative AMD patients treated with ranibizumab and

Fig. 2 Cox proportional hazard model of ORT survival in the ranibizumab and aflibercept groups
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aflibercept regarding the presence of outer retinal tubula-
tion. Altogether 236 eyes were followed in both groups
with no statistical difference between the baseline charac-
teristics of the two groups considering age and BCVA.
The prevalence of ORT continuously increased during

the follow-up period, in both groups. In the ranibizumab
group its prevalence almost quadrupled at the 24-month
follow-up, while there was a doubling in the aflibercept
group in 12 months. It is important to note, that in the
ranibizumab group the baseline prevalence was lower
(17.4% versus 23.1%). Dirani et al. found a similar in-
creasing trend in their study starting with 2.5% at pres-
entation, reaching 41.6% at 4 years of follow-up [8]. In
our study the baseline ORT prevalence was higher com-
pared to other reports [8, 9]. The reason behind this
could be the more advanced disease state at the time of
presentation (due to the real life nature of our retro-
spective study) and a relative delay in therapy initiation
due to country-specific financial difficulties. The poorer
baseline BCVA in both groups also supports this idea.
There is one previous article known, describing ORT

development in 24 non-treatment-naïve eyes, treated
with aflibercept only after receiving at least 6 ranibizu-
mab injection, reporting an initial 97% ORT prevalence
which later decreased to 75% [22].
To our knowledge, our study is the first to report re-

sults in treatment naïve patients treated with aflibercept
and its connection with ORT development. The Cox
proportional hazard model analysis suggested that there
was no difference between the two in-label therapies
ranibizumab and aflibercept in regard to the prevalence
of outer retinal tubulation. Lee et al. in the Comparison
of AMD Treatment Trials (CATT) study group evalu-
ated the prevalence of ORTs in ranibizumab and bevaci-
zumab treated neovascular AMD patients, and found no
difference between the two drugs related to the preva-
lence of outer retinal tubulation [9].
In the present study we found a statistically significant

difference in the monthly injection rate before and after
the appearance of outer retinal tubulation in the ranibizu-
mab treated group. Our results suggest that in patients
who develop ORT a decrease in the retreatment rate can
be expected which may be a very important clinical
marker. Although we had a PRN regimen according to the
Hungarian guidelines, Lee et al. found no difference be-
tween the fixed monthly regimen versus PRN regimen in
regards to ORT development in patients treated either
with ranibizumab or bevacizumab [9].
We found a statistically significant connection between

ORT development and the presence of subretinal hyper-
reflective material at treatment initiation. When subret-
inal hyperreflective material was present the chance of
developing ORT was 2.75., and 11.14 higher in the
ranibizumab and aflibercept groups, respectively, in

accordance with the results of Lee et al. in ranibizumab
and bevacizumab treated patients [9].
Our findings, in concordance with the above mentioned

study results suggest that ORT is independent of the
chosen anti-VEGF drug or the dosing regimen of intravit-
real anti-VEGF treatment. The appearance of ORT suggests
that the clinicians can expect a decrease in the number of
injections when following a pro re nata ranibizumab regi-
men. Our fixed bimonthly treatment with aflibercept did
not allow us to analyze the injection rate before and after
ORT development in this group. Our study also supports
the previously reported higher prevalence of ORT develop-
ment in the presence of subretinal hyperreflective material
at treatment initiation [9].
There is a number of limitations of our study. Namely,

the relatively small sample size in the aflibercept group
compared to the ranibizumab group, along with the bi-
monthly follow-up in the aflibercept group. We believe
that the number of subjects involved in both groups is
comparable with other studies published in the field, while
the bimonthly treatment regimen with aflibercept was
fixed due to the country-specific guideline regulations.
The decreasing number of eyes during the follow-up
could also bias the analysis by including patients with
increasing disease severity. However, we believe these fac-
tors were similar to those in similar studies available in
the field. The strength of this report is the comparison of
present in-label therapies, ranibizumab and aflibercept in
exudative AMD patients in relation to ORT besides the
evaluation of the injection rate in association with outer
retinal tubulation. We used real life data that makes the
study more relevant in the daily clinical practice.

Conclusions
The development of ORT could be a potential biomarker for
the treatment prognosis in patients with wet AMD. Its clin-
ical significance lies also in its similarity to activity-related
intraretinal fluid. Further studies are needed to explore the
nature and development of ORTs employing a comparable
dosing and follow-up regimen of all three currently available
anti-VEGF drugs ranibizumab, bevacizumab and aflibercept.
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a b s t r a c t 

Background and Objective: The leading cause of vision loss in the Western World is Age-related Macular 

Degeneration (AMD), but together with modern medicines, tracking the number of Hyperreflective Foci 

(HF) on Optical Coherence Tomography (OCT) images should assist the treatment of patients. Here, we 

developed a framework based on deep learning for the automatic segmentation of HF in OCT images. 

Methods: We collected OCT images and annotated them, then these images underwent image preprocess- 

ing, and feature extraction steps. Using the prepared data we trained different types of Conventional-, 

Deep- and Convolutional Neural Networks to perform the task of the automatic segmentation of HF. 

Results: We evaluated the various Neural Networks, by performing HF segmentation of clinical data be- 

longing to patients, whose data were excluded from the training process. The results suggest that our 

systems can achieve reasonably high Dice Coefficient values, and they are comparable with (i.e., in most 

cases above 95%) the similarity between manual annotations performed by different physicians. 

Conclusion: From the results, it can be concluded that neural networks can be used to accurately segment 

HF in OCT images. The results are sufficiently accurate for us to incorporate them into the next phase of 

the research, building a decision support system for everyday clinical practice. 

© 2019 Published by Elsevier B.V. 

1. Introduction 

The importance of artificial intelligence (AI) and Deep learning 

have already been proven in many medical fields such as radiol- 

ogy, pathology, and dermatology. With the development of Ma- 

chine Learning (ML), a branch of AI, it is now possible to automat- 

ically recognize anatomical structures or lesions in medical images 

(segmentation); to place an image into different categories (classi- 

fication); and also to predict the outcome of a process (prediction). 

In ophthalmology, thanks to 21st century diagnostic innovations, 

the Optical Coherence Tomography (OCT), retinal structures can be 

visualized with an unprecedented resolution. With these high reso- 

lution OCT scans, we can now develop deep learning methods and 

utilize machine learning algorithms in order to reduce diagnostic 

and therapeutic errors, and promote personalized medicine [1] . ML 

has already provided clinically acceptable diagnostic performance 

in detecting many retinal diseases, such as diabetic retinopathy 

(DR), glaucoma, retinopathy of prematurity (ROP) and Age-related 

Macular Degeneration (AMD) [2] . 

∗ Corresponding author. 

E-mail address: vargalg@inf.u-szeged.hu (L. Varga). 

The global increase in life expectancy has led to an increase 

in the number of age-related diseases, and AMD has become the 

leading cause of vision loss in the Western World [3] , and a health 

problem worldwide [4] . Because of the large prevalence of AMD, 

the proper management of the disease is crucial. 

With the help of OCT, several disease relevant biomarkers have 

been recently identified in AMD, such as Hyperreflective Foci (HF), 

which could provide a sensitive marker for the treatment decision 

process. However their manual quantification is quite challenging 

[5,6] . Therefore, we addressed the task in an interdisciplinary fash- 

ion, combining the expertise of clinicians with modern computa- 

tional tools taken from the fields of image processing and artificial 

intelligence. 

In our study, a framework was developed where the ophthal- 

mologists could mark HF on OCT scans. Then, the marked im- 

ages were transformed using various image processing techniques 

in order to extract features which best characterise HF. Quite re- 

cently, Deep Neural Networks have achieved excellent results in 

medical data analysis [7–9] , and in the next step, image data 

sets were used for training Artificial Neural Networks (ANN), Deep 

Neural Network (DNN), and Convolutional Neural Networks (CNN). 

These networks were later used in the automatic detection of HF. 

Our methods were also validated on clinical data, gathered from 

https://doi.org/10.1016/j.cmpb.2019.06.019 

0169-2607/© 2019 Published by Elsevier B.V. 
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patients of the Department of Ophthalmology at the Clinical Cen- 

ter at the University of Szeged . 

A full summary of related scientific work can be found in 

Section 2 . Previous research on the topic mainly focused on 

the automated evaluation of HF in manually annotated datasets 

[10–15] without automated evaluation, while our study focuses on 

the automatic segmentation of HF. One parallel study on this topic 

is available [16] on arxiv, where the authors applied deep learning- 

based methods using variants of the U-Net [9] for the automatic 

segmentation of HF. The approach described by our group also dif- 

fers from the previous study involving training nets from two par- 

allel sets of uncertain data. Moreover, we performed two indepen- 

dent evaluations of our models by comparing the network outputs 

with the annotations of two clinical experts. 

In another study, the authors of [17] applied similar methods 

to ours for the quantization of HF in OCT images, but they did not 

perform a pixel-wise evaluation of the results. In their study, they 

used a smaller test dataset, and now we propose new methods 

that perform better. 

The novelty of our study lies in testing various neural net- 

works for the automatic segmentation of HF. Unlike previous stud- 

ies, neural networks were trained not by only relying on raw pixel 

information, but also on features extracted by image preprocess- 

ing steps. We compared the annotations of two different clinical 

doctors with each other to determine a baseline accuracy for HF 

segmentation as a reference for our methods. We evaluated our 

methods on two test datasets, and we found that our methods led 

to Dice Coefficients values, which are comparable with the simi- 

larity score between manual annotations performed by physicians. 

Lastly, we demonstrated that in contrast to current trends, small 

networks can also provide reasonably good results, and they do not 

need enormous amounts of training. Our given methods are robust 

in the sense that they were trained using a small amount of uncer- 

tain data, and this allows one to adapt them to new environments 

with a minimal burden on the valuable time of medical staff. 

2. Related work and background 

When considering the task of HF segmentation, one has to in- 

corporate knowledge from medical science and computer science. 

In this section, we give an overview of the related work in the lit- 

erature and the technological background of our results. 

2.1. Medical context 

AMD can be divided into two categories, namely the dry (non- 

exudative) form that accounts for around 90% of all cases and the 

wet (exudative, neovascular) form that accounts for the remaining, 

but the more severe and rapid cases of vision loss [4,18] . 

Although the exact pathogenesis of the disease is not yet fully 

understood, vascular endothelial growth factor (VEGF) plays a cru- 

cial role in the development of the more dangerous wet form. 

There is an imbalance between proangiogenic and antiangiogenic 

factors, which lead to the overproduction of VEGF. Owing to VEGF, 

endothelial cell proliferation occurs and this forms a choroidal neo- 

vascular membrane (CNV). From the developed CNV, fluid leakage 

leads to the accumulation of sub- or intraretinal fluid, or RPE de- 

tachment, but bleeding can also occur and lead to advanced and 

acute sight loss [4] . 

The first choice of treatment for neovascular AMD is anti-VEGF 

intravitreal injections, which has revolutionized the treatment of 

wet AMD [19] . Since wet AMD has a chronic course with recur- 

rences of fluid accumulation, repeated anti-VEGF injections and 

rigorous patient follow-up are required in order to prevent the 

deterioration of visual acuity. As the result of the innovations of 

the last decade, OCT has become the most useful device for an 

SRF PED SHRM IRF HF

ILM

RPE

Fig. 1. Example of an OCT image. The Internal Limiting Membrane (ILM) and the 

Retinal Pigment Epithelium (RPE) are marked together with biomarkers of AMD 

such as: subretinal/intraretinal fluid accumulation (SRF/IRF); pigmentepithelial de- 

tachment (PED); subretinal hyperreflective material (SHRM); outer retinal tubula- 

tion (ORT); and hyperreflective foci (HF.). 

ophthalmologist when diagnosing and monitoring AMD and its re- 

sponse to anti-VEGF treatment. With the help of OCT, it became 

possible to detect the layers of the retina and the effects of the dis- 

ease, the so-called OCT biomarkers, such as subretinal/intraretinal 

fluid accumulation (SRF/IRF), pigmentepithelial detachment (PED), 

subretinal hyperreflective material (SHRM), outer retinal tubulation 

(ORT) (see, e.g., Fig. 1 ). Assessment of these markers is the key to 

make the adequate decision for treating, re-treating or observing 

patients [5,6] . 

In 2009, Coscas et al. first reported a new OCT finding in ex- 

udative AMD, the Hyper-Reflective Dots (HRD) [5] , also known as 

HF ( Fig. 1 ). Since then HF were identified in additional retinal dis- 

eases, including diabetic macular oedema and retinal vein occlu- 

sion, [20,21] ; but their exact pathomorphological origin remains 

controversial, since no histological data is available in the current 

literature. Reports demonstrated that HF have a rapid response to 

anti-VEGF therapy, and were also found to be the first detectable 

change for each clinical recurrence, even before fluid accumulation. 

In wet AMD the main criteria of the retreatment process is based 

on the recurrence of fluid (SRF, IRF), detected on OCT scans. The 

determination of the number of HF, can be a potentially more sen- 

sitive biomarker than the fluid reappearence, which may facilitate 

earlier decision making, and achieve greater visual acuity protec- 

tion [1,10–15] . 

The objective quantization of the HF is extremely hard and time 

consuming to carry out manually, but recording slight changes in 

the amount of HF may be a crucial part of treatment planning. In 

the above-mentioned studies counting was conducted manually of- 

ten using a single B-scan of the retina, and automated software can 

help reduce human error [10–15] . Therefore, our aim was to de- 

velop a sytem for the automatic segmentation and quantification 

of Hyperreflective Foci of wet AMD patients, which would provide 

a method for the objective tracking of HF on OCT scans. 

2.2. Mathematical context 

Artificial neural networks are based on the computational 

model of biological neural networks, their key component being 

the artificial neuron, also called a perceptron. Each artificial neuron 

works in the following way: once the input values have been given 

to them, they calculate a weighted sum of their inputs, then they 

transform the value with an activation function. The weights asso- 

ciated with the inputs are the learnable parameters of the neuron, 

and they determine the networks performance. 

Deep learning techniques are widely used in image- [22–24] 

and medical-image processing [7–9,25,26] to solve a variety of 

problems. 
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2.2.1. Artificial neural networks 

In Artificial Neural Networks, the neurons are organized into 

layers. Traditionally, the task of the hidden layer is to extract use- 

ful information from the input, while the output layer combines 

knowledge of the hidden layers to make a prediction. By training 

the weights of the neurons (e.g., with the stochastic gradient de- 

scent algorithm) one can create networks which can perform a va- 

riety of tasks. 

In most cases, one single layer of hidden neurons cannot han- 

dle the complexity of harder tasks. This is why Deep Neural Net- 

works were invented, which have many hidden layers, each layer 

receiving its input from a previous hidden layer. These networks 

can handle much more complex tasks, but to properly train them 

we need to modify the training algorithm or the network itself. 

2.2.2. Deep rectifier neural networks 

Deep Rectifier Neural Networks (DRNs) were proposed by Glo- 

rot et al. [27] as one of the first deep learning methods, which do 

not require any tedious pre-training steps to produce good results. 

DRNs modify just the hidden neurons in the network by using rec- 

tified linear units (ReLU). These rectified units differ from standard 

neurons only in their activation function, namely the rectifier acti- 

vation function ( max (0, x )). 

The rectifier function has two main properties, these being its 

hard saturation at 0 and its linear behaviour for positive input. 

Due to the linear behavior of the active units, there is no “van- 

ishing gradient” effect [27] . This linear behaviour also means that 

the computational cost will be smaller, as there is no need to com- 

pute the exponential function when evaluating the activation func- 

tion, and the sparsity of the outputs can also be exploited. Unfor- 

tunately, there is a difficulty arising from this linearity, namely the 

“exploding gradient” effect, which means that the gradients can 

grow without limit. This effect could be readily alleviated by apply- 

ing regularization techniques such as L 2 weight normalization [28] . 

The hard saturation for negative inputs means that only a subset 

of neurons will be active in each hidden layer. In theory, this could 

harm optimization by blocking gradient backpropagation, but ex- 

perimental results do not support this, and they tell us that DRNs 

can be trained as long as the gradient can propagate along some 

path [27] . 

2.2.3. Convolutional networks 

The revolution of deep learning in image processing came with 

the development of convolutional networks. Convolutional net- 

works are processing tools designed especially for image and signal 

processing. Despite the similarity to neural networks, convolutional 

layers are introduced where classical neurons are replaced by a set 

of convolutional kernels. CNNs can have a variety of structures. The 

first were classification nets, and they typically use a few convolu- 

tional layers followed by fully connected layers, and they predict 

class labels for a whole image. 

One of the first widely used convolutional network was called 

AlexNet, which is a structure designed for image classification, and 

it won the first prize of the 2012 ImageNat LSVRC. Since then, 

many new structures have evolved for image processing such as 

the ResNet [23] and VGG16 [24] , which are highly accurate and 

versatile tools for image classification. 

The next big revolution in image processing came with the 

invention of fully convolutional neural networks. These networks 

contain only convolutional and local image processing steps and 

their output is an image, which is usually the same size as the 

input image. Using fully convolutional networks direct segmenta- 

tions of images can be carried out, which perform better, and yield 

higher accuracy scores, than when using classification networks for 

image segmentation tasks. Here one of the most commonly used 

networks is the U-Net [9] structure. Variations of this networks 

have been applied in various medical image segmentation tasks 

[26,29] . 

2.2.4. Probabilistic sampling 

It is well known that if one of the classes is significantly over- 

represented during training, it might bias the Neural Network and 

favor the most frequent class on its output. In our case only a few 

pixels formed part of the HF, so this problem created a serious is- 

sue during training. To overcome this problem, it is necessary to 

balance the class distribution by presenting more examples taken 

from the rarer classes to the model. Usually, we have no way of 

generating additional samples from a rare class, so balancing can 

be achieved by either reducing the number of the examples be- 

longing to the most common classes (downsampling) or by pre- 

senting the rare examples more frequently (upsampling). 

Probabilistic sampling [30] offers a third option where one 

combines the two previous sampling methods at the same time. 

It applies a simple two-step sampling scheme; namely, we first se- 

lect a class, then pick a training sample belonging to this class. 

Before the first step, we assign a probability to each class, which 

will determine how frequently it will be selected: 

P (c k ) = λ
1 

K 

+ (1 − λ) P r ior (c k ) , (1) 

where Prior ( c k ) is the prior possibility of class c k , K is the number 

of classes and λ∈ [0, 1] is a parameter. If λ is 1, then we get a 

uniform distribution over the classes; and with λ = 0 we get the 

original class distribution. Using intermediate λ values leads to a 

linear combination of these two distributions. 

3. Methods 

When constructing our automatic segmentation framework, the 

processing of data was divided into consecutive stages. These were 

data preparation, feature extraction, training, and evaluation per- 

formed on the different models. It should be added that 8 differ- 

ent methods were tested for the segmentation, which required dif- 

ferent pre- and post-processing steps and they have different data 

flowcharts. The flow chart of the data preparation can be seen in 

Fig. 2 , while the flowcharts for the segmentation methods are de- 

picted in Fig. 3 . 

3.1. Data preparation 

The first step of the process was to gather the clinical data for 

the project. 

Of course, this study was carried out in accordance with the 

principles of the Declaration of Helsinki, and it was performed 

with the ethical approval of the Institutional Review Board of Uni- 

versity of Szeged, Albert Szent-Györgyi Clinical Center. Here, we 

used two sets of OCT data for our study. 

The first data set was used for training and testing the meth- 

ods, and for selecting the best network structure. The data of 16 

eyes of 16 patients, diagnosed with wet AMD were retrospectively 

selected at the Department of Ophthalmology, University of Szeged . 

These patients were either treatment-naive or treated with anti- 

VEGF and they had biomarkers on the OCT scans including HF, 

SRF, PED, SHRM and IRF. No other retinal diseases were diagnosed 

among them. SD-OCT volume scans with a quality score above 16 

were acquired using a Spectralis OCT scanner (Heidelberg Engi- 

neering, Heidelberg, Germany, version 6.5.2.0). 

1 SD-OCT sequence from 11 patients, 2 consecutive SD-OCT 

sequences from 3 patients, and 3 consecutive SD-OCT sequences 

from 2 patients were collected, hence altogether 23 SD-OCT se- 

quences were used in the study. In the case of patients with mul- 

tiple captures, the timespan between each recording was at least 

one month. 
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OCT images

Feature maps

Pixel values in
23x23 pixel-sized

local vicinities

Pixel-wise
Feature vectors

Full OCT slices

Net

Fig. 2. Steps and output data of the data preparation procedure. 

Pixel values in
23x23 pixel-sized

local vicinities

Pixel-wise
Feature vectors

Full OCT slices

FCN

ConvNet,
Pixel ANN,
Pixel DRN

ANN,
DRN,

Split DRN,
Dice DRN

Full OCT
Segmentation

Pixel
Classification

Fig. 3. An outline of the data flow used in the image segmentation process. 

As the dataset was acquired from everyday clinical practice, two 

slightly different parameter sets were used. This is why 14 SD-OCT 

sequences contained 49 B-scan slices with a distance of 122 μ m 

between consecutive slices, and 9 sequences contained 25 B-scan 

slices with a distance of 251 μ m, giving 911 B-scans altogether. 

The data processing was performed on a slice-by-slice basis, so the 

slice distance did not influence the results. The dimensions of each 

SD-OCT image were the following: 6 by 6 mm of the macular re- 

gion, and the slices had a resolution of 512 by 496 pixels with pixel 

sizes of 11.45 and 3.87 μ m, vertically and horizontally. 

The 911 B-scans, after being converted from white-on-black to 

black-on-white images were annotated separately for training and 
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First Dataset

911 slices

Validation Data

1/7 * 715 slices

Net Preparation Set

715 slices

Test Dataset

196 slices

Training Data

6/7 * 715 slices

Second Dataset

200 slices

Secondary test dataset

200 slices

Fig. 4. Illustration of how the data was partitioned. 

evaluation purposes by two clinical ophthalmologists. Before anno- 

tation both graders were given guidelines describing HF, hence the 

marked targets were bright spots with a reflectivity higher than 

the RPE band, and they had a diameter between 20 and 40 μ m 

[11] . 

The first dataset was divided into two parts. Here, 19 out of 

23 sequences were used for the preparation of the methods, i.e., 

designing the features and training the networks. The other 4 se- 

quences (which we will call the test dataset), each containing 49 

slices, were kept for evaluation purposes. These recordings came 

from 4 different patients, whose data were not included in any way 

in the training and data preparation process. The data flow of the 

procedure is shown in Fig. 4 . 

We chose the images of the test dataset in such a way that 

they could hold various amounts of HF. Table 1 lists the statistics 

of HF in the chosen sequences of our test set, and it shows both 

the number of marked HF and their area. 

In addition, we collected a second dataset to further validate 

the best performing FCN network structure. The new data set con- 

sisted of 8 sequences of 7 patients. The data of selected patients 

were not included in the first dataset at all. This second dataset 

was collected and annotated 8 months after making the first one, 

with the same parameters, except that each sequence contained 25 

slices, and – just like the first test dataset – it also had various HF 

counts listed in Table 1 . This data set – which we will also call 

Table 1 

Amount and area of HF in the given sequences of the test dataset based on the two manual 

annotations. 

Dr1 Dr2 Total voxel Volume 

HF count HF area HF count HF area count dimensions 

Test dataset 

Seq_1 1060 21,195 870 18,117 12,443,648 512 × 496 × 49 

Seq_2 279 4717 245 4866 12,443,648 512 × 496 × 49 

Seq_3 52 1095 65 1424 12,443,648 512 × 496 × 49 

Seq_4 196 4023 187 3917 12,443,648 512 × 496 × 49 

Secondary test dataset 

Seq_5 163 3313 93 1800 6,348,800 512 × 496 × 25 

Seq_6 422 8599 60 1278 6,348,800 512 × 496 × 25 

Seq_7 235 4821 181 3104 6,348,800 512 × 496 × 25 

Seq_8 114 2652 138 2774 6,348,800 512 × 496 × 25 

Seq_9 196 4085 163 3139 6,348,800 512 × 496 × 25 

Seq_10 252 5407 387 7424 6,348,800 512 × 496 × 25 

Seq_11 430 8789 400 7664 6,348,800 512 × 496 × 25 

Seq_12 308 6439 350 6967 6,348,800 512 × 496 × 25 
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Fig. 5. Feature maps generated by image preprocessing: a) the original image; b) the location of HF according to the two experts (red, green); c–d) the results of LoG filters; 

e–g): a distance map from ILM, RPE and IRF, respectively; h) a convolution with the vertical mask. 

secondary test dataset – was used entirely for the testing of the 

methods. 

We used the two datasets for the training and evaluation of 

variants of four basic types of neural networks that were trained to 

segment the images. These types were Artificial Neural Networks 

(ANN), Deep Rectifier Neural Networks [27] (DRNs), Convolutional 

Neural Networks (CNN), and Fully Convolutional Neural Networks 

(FCN). The input of the Convolutional and Fully Convolutional net- 

works were the images themselves, while the input of the other 

Neural Networks was created on a pixel-by-pixel basis. A feature 

vector was generated for each pixel that served as a basis for clas- 

sification. These features characterize the indicators of HF, and they 

were extracted by applying image processing techniques described 

next. 

3.2. Image preprocessing and feature generation 

The feature extraction for the DRNs and the ANN was per- 

formed after taking into account the suggestions made by medical 

experts. According to the literature, our relevant targets are small 
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Table 2 

Summary of the network structures used in this study. In the Type column: “Conv”

– convolutional layers; FC – Fully Connected layers. The “pixel input” column tells us 

whether raw pixel values in the 23x23 sized vicinity were used, while “feature input”

tells us whether the net got feature vectors obtained via image processing steps. 

Name Type Pixel input Feature input # layers # params. 

FCN Conv yes – 4 69.7K 

ConvNet Conv + FC yes – 4 79.4K 

ANN FC yes yes 1 4.7M 

DRN FC yes yes 5 4.7M 

Pixel ANN FC yes – 1 4.4M 

Pixel DRN FC yes – 5 4.6M 

Split DRN FC yes yes 5 4.3M 

Dice DRN FC yes yes 5 4.7M 

Table 3 

Hyperparameters used for the training of the neural networks. The column names are: 

Loss–Loss function; optimizer–optimizer method; batch–batch size; epochs – number 

of epochs used in training; parameters–parameters of the optimization method. In the 

parameters column: lr. - learning rate; m. - momentum, wd. - weight decay. 

Name Loss Optim. Batch Epochs Parameters 

FCN Dice Adam 10 70 lr.: 0.001; ε = 10 −8 

β1 : 0.9; β2 : 0.999; 

ConvNet Logistic SGD 128 4 lr.: 0.001; m.: 0.9; 

wd.: 0.004 

ANN CrossEntropy SGD 100 max 25 lr.: 0.001 

DRN CrossEntropy SGD 100 max 25 lr.: 0.001 

Pixel ANN CrossEntropy SGD 100 max 25 lr.: 0.001 

Pixel DRN CrossEntropy SGD 100 max 25 lr.: 0.001 

Split DRN CrossEntropy SGD 100 max 25 lr.: 0.001 

Dice DRN Dice SGD 100 max 25 lr.: 0.001 

bright spots with a reflectivity higher than the RPE band, and a 

width of 3–6 pixels. They are also known to occur near sub-retinal 

fluid [10–13] . 

HF are similar to pigment particles, and blood vessels in the in- 

ner retinal layers, so in order to clearly distinguish HF from these, 

different types of features were used. 

First, the feature vectors contained raw pixel information. For 

each pixel the first feature was the intensity of the pixel and the 

23 × 23 vicinity and we provided local information concerning the 

intensity of the pixels for the neural networks (see Figs. 2 and 3 ). 

Furthermore, other pixel-wise feature vectors were generated 

by using various image processing techniques, described below. 

Eleven feature values were obtained by convolving the images 

different Laplacian of Gaussian (LoG) filters, which provided a basis 

for bright spot detection. The filters had different σ dispersal pa- 

rameter values and they highlighted different sizes of spots in the 

images. Here, the σ values ranged from 3.87 μ m to 7.74 μ m with a 

step size of 0.387 μ m. Two examples of these features are shown 

in Fig. 5 c and d. 

We also exploited the spatial properties of the microglia, i.e., 

they should be mainly located in the outer retinal layers, and/or 

around pockets of fluid accumulation [10–13] . For this reason the 

internal limiting membrane (ILM) and the RPE layer was deter- 

mined. Subretinal fluid was also detected using the methods out- 

lined in [31] . Having detected the boundaries and the fluid, dis- 

tance maps were generated from the specified regions, and for 

each pixel, the three distance values were included (the distance 

between the processed pixel and the ILM, RPE and IRF) in the fea- 

ture vector. These values are depicted in Fig. 5 e–g. 

Next, the difference between HF, and pigment particles and 

blood vessels, was quantified. Pigment fragments and blood vessels 

cast shadows on the OCT images, which appear as a 20–40 pixel 

long vertical dark area under the bright spot, whereas HF do not 

generate this kind of shadow. This is why differentiating between 

HF, and pigments and blood vessels, was achievable by calculating 

the average of the pixel values below the pixel coordinate as 

A (i, j) = 

∑ 40 
k =1 I(i, j + k ) 

40 

, (2) 

assuming that I is the original OCT image, with index ( i, j ) as x and 

y coordinates, respectively, ascending from left to right and top to 

bottom. This feature is shown in Fig. 5 h. 

After calculating the line averages, we added the value set for 

each pixel 

S(i, j) = { A (i + k, j) | k ∈ {−12 , . . . , 12 }} , (3) 

to the feature vectors. This set is a sequence of consecutive line av- 

erages under the pixels, which should enable the Neural Networks 

to detect shadows caused by pigment cells and blood vessels. 

3.3. Training the nets 

Using the training dataset, and the extracted features we 

trained several networks for the task of classifying the pixels as 

either HF pixels or as part of the background. 

In order to carry out this task, different network types and 

network structures were applied. The eight most significant net- 

work structures that we tried out are described below. A sum- 

mary of the structures and the training parameters can be found 

in Tables 2 and 3 , respectively. 

3.3.1. DRNs and ANNs 

Following preliminary experiments, we decided to utilize a very 

simple network structure. Namely, we trained DRNs with 5 fully 

connected hidden layers, each containing 10 0 0 neurons. As a com- 

parison we also trained conventional artificial neural networks 

(ANNs) with one large hidden layer, and these ANNs had the same 

amount of trainable parameters as the deep ones. The last layer 

had 2 neurons with a SoftMax activation. Here, we utilized the 

Cross Entropy loss function. 
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Table 4 

Dice coefficients got for the various types of neural networks with different pixel tolerances. (Values 

above 95% of the baseline are highlighted in bold.). 

Tolerance: 0 pixel Tolerance: 1 pixel 

Seq_1 Seq_2 Seq_3 Seq_4 Seq_1 Seq_2 Seq_3 Seq_4 

Dr1 ↔ Dr2 0.463 0.420 0.378 0.401 0.680 0.619 0.578 0.594 

Dr1 ↔ FCN 0.480 0.329 0.386 0.310 0.695 0.516 0.573 0.493 

Dr1 ↔ ConvNet 0.229 0.088 0.115 0.094 0.374 0.161 0.196 0.174 

Dr1 ↔ ANN 0.408 0.188 0.181 0.164 0.553 0.263 0.267 0.238 

Dr1 ↔ DRN 0.468 0.283 0.358 0.302 0.610 0.384 0.494 0.412 

Dr1 ↔ Pixel ANN 0.408 0.199 0.185 0.199 0.546 0.277 0.268 0.275 

Dr1 ↔ Pixel DRN 0.455 0.289 0.293 0.306 0.603 0.389 0.420 0.403 

Dr1 ↔ Split DRN 0.470 0.289 0.353 0.285 0.626 0.391 0.482 0.395 

Dr1 ↔ Dice DRN 0.478 0.282 0.371 0.277 0.623 0.381 0.495 0.381 

Dr2 ↔ FCN 0.548 0.420 0.438 0.402 0.747 0.589 0.629 0.579 

Dr2 ↔ ConvNet 0.241 0.109 0.117 0.119 0.382 0.187 0.204 0.211 

Dr2 ↔ ANN 0.432 0.161 0.229 0.174 0.568 0.229 0.320 0.244 

Dr2 ↔ DRN 0.520 0.288 0.408 0.352 0.657 0.383 0.515 0.461 

Dr2 ↔ Pixel ANN 0.435 0.208 0.229 0.225 0.572 0.278 0.307 0.306 

Dr2 ↔ Pixel DRN 0.500 0.309 0.344 0.354 0.642 0.411 0.455 0.462 

Dr2 ↔ Split DRN 0.511 0.307 0.391 0.339 0.663 0.415 0.506 0.448 

Dr2 ↔ Dice DRN 0.524 0.311 0.399 0.334 0.668 0.409 0.498 0.435 

Tolerance: 2 pixel Tolerance: 3 pixel 

Seq_1 Seq_2 Seq_3 Seq_4 Seq_1 Seq_2 Seq_3 Seq_4 

Dr1 ↔ Dr2 0.779 0.710 0.660 0.673 0.829 0.744 0.707 0.715 

Dr1 ↔ FCN 0.801 0.614 0.673 0.586 0.858 0.669 0.730 0.639 

Dr1 ↔ ConvNet 0.494 0.224 0.266 0.244 0.611 0.397 0.339 0.316 

Dr1 ↔ ANN 0.733 0.407 0.369 0.372 0.807 0.462 0.427 0.430 

Dr1 ↔ DRN 0.793 0.561 0.631 0.577 0.856 0.626 0.697 0.635 

Dr1 ↔ Pixel ANN 0.739 0.441 0.355 0.427 0.809 0.509 0.407 0.488 

Dr1 ↔ Pixel DRN 0.781 0.576 0.540 0.556 0.845 0.642 0.614 0.608 

Dr1 ↔ Split DRN 0.796 0.559 0.608 0.526 0.864 0.618 0.660 0.587 

Dr1 ↔ Dice DRN 0.802 0.557 0.633 0.527 0.866 0.622 0.693 0.579 

Dr2 ↔ FCN 0.825 0.649 0.713 0.656 0.858 0.671 0.740 0.701 

Dr2 ↔ ConvNet 0.494 0.254 0.279 0.285 0.601 0.326 0.347 0.364 

Dr2 ↔ ANN 0.715 0.339 0.433 0.361 0.768 0.378 0.478 0.403 

Dr2 ↔ DRN 0.802 0.538 0.641 0.626 0.842 0.585 0.688 0.681 

Dr2 ↔ Pixel ANN 0.727 0.410 0.414 0.436 0.774 0.461 0.446 0.483 

Dr2 ↔ Pixel DRN 0.784 0.559 0.596 0.614 0.823 0.599 0.634 0.654 

Dr2 ↔ Split DRN 0.796 0.551 0.621 0.574 0.837 0.590 0.655 0.614 

Dr2 ↔ Dice DRN 0.803 0.553 0.663 0.577 0.841 0.595 0.697 0.618 

To validate the quality of the extracted features we also trained 

networks just using the raw pixel data (Pixel ANN/DRN). Then, 

we used a DRN that had a split first hidden layer (denoted by 

Split DRN), half of the neurons being connected to the pixel input 

and the other half being connected to the other features described 

Section 3.2 . 

To train the neural networks we applied stochastic gradient de- 

scent (i.e. backpropagation) training with a mini-batch size of 100. 

The initial learn rate was set to 0.001, which was halved after each 

iteration when the F-score on the validation set did not increase. 

As only a small percentage of the training data actually belonged 

to the HF, we chose to re-sample the data during training using 

probabilistic sampling. Fig. 6 shows the results we got by using the 

re-sampling method described earlier. The best performance at the 

pixel-level on the validation set was achieved with λ = 0 . 8 , which 

is close to that of uniform re-sampling. Training of the ANNs and 

DRNs took 6–25 epochs with our custom implementation. 

3.3.2. CNNs and FCNs 

The CNNs had an input of a 23 × 23 pixel-sized image. To be 

able to use classification networks for the segmentation, we ex- 

tracted 23 × 23 pixel-sized windows of the OCT images. The ex- 

tracted parts were then selected around the given pixel, and we 

obtained extracts using all the coordinates of the OCT images. The 

expected output of the net was the label of the center pixel of the 

23 × 23 pixel-sized local window of the image. Hence, the CNNs 

themselves learned to classify pixels in the OCT image based on 

their surroundings. By classifying all the pixels, a segmentation of 

an OCT image can be assembled. 

The CNN had three convolutional layers, each followed by a 

ReLU, and a 2 × 2 max pooling layer. The convolutional layers had 

32, 32 and 64 neurons, respectively. The final pooling layer was fol- 

lowed by a fully connected layer of 2 neurons that had a softmax 

activation function on its output, and we used the summed abso- 

lute difference of the label values as the loss function. The training 

was carried out with probabilistic sampling with a λ = 0 . 8 value, 

and the network optimization converged after 4 epochs using the 

stochastic gradient descend method. Additional parameters can be 

found in Table 3 . 

Along with this network, which we will call CNN, we also 

trained the AlexNet structure, which gave us less accurate results. 

This is why we decided to exclude it from any further evaluation. 

The network we call FCN had a simple structure containing 

4 layers with 11 × 11 × [input channel num]-sized kernels. The first 

three layers had 16 kernels and they were followed by a ReLU ac- 

tivation, while the final layer only had one output channel and a 

sigmoid activation function. The loss function was defined as the 

Dice coefficient of the segmentation compared to the ground truth. 

We trained the FCN with the Adam optimizer [32] , using the pa- 

rameters given in Table 3 . 

It should be mentioned that we experimented with other net- 

work structures as well, of which the currently applied one sup- 
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Table 5 

Evaluations of the FCN on the Test and Secondary test datasets. The tables contain statistics that 

compare the annotations of the two medical experts with each other and with the FCN. The 

columns give Dice (F1-score), Precision, Recall and AUC values evaluated on the complete datasets. 

The sub-tables give statistics for different tolerances in the vicinity of positive pixels. (Values above 

95% of the baseline are highlighted in bold.). 

Tolerance: 0 pixel 

Dice Precision Recall AUC 

Test Dr1 ↔ Dr2 0.443 0.418 0.473 0.706 

Dr1 ↔ FCN 0.431 0.429 0.433 0.762 

Dr2 ↔ FCN 0.504 0.536 0.477 0.803 

Secondary test Dr1 ↔ Dr2 0.386 0.342 0.442 0.676 

Dr1 ↔ FCN 0.344 0.302 0.401 0.704 

Dr2 ↔ FCN 0.442 0.415 0.428 0.776 

Tolerance: 1 pixel 

Dice Precision Recall AUC 

Test Dr1 ↔ Dr2 0.654 0.615 0.699 n/a 

Dr1 ↔ FCN 0.638 0.621 0.656 n/a 

Dr2 ↔ FCN 0.696 0.712 0.680 n/a 

Secondary test Dr1 ↔ Dr2 0.589 0.528 0.666 n/a 

Dr1 ↔ FCN 0.554 0.492 0.634 n/a 

Dr2 ↔ FCN 0.604 0.593 0.617 n/a 

Tolerance: 2 pixel 

Dice Precision Recall AUC 

Test Dr1 ↔ Dr2 0.748 0.701 0.802 n/a 

Dr1 ↔ FCN 0.741 0.712 0.773 n/a 

Dr2 ↔ FCN 0.771 0.783 0.760 n/a 

Secondary test Dr1 ↔ Dr2 0.690 0.622 0.776 n/a 

Dr1 ↔ FCN 0.673 0.605 0.757 n/a 

Dr2 ↔ FCN 0.681 0.673 0.689 n/a 

Tolerance: 3 pixel 

Dice Precision Recall AUC 

Test Dr1 ↔ Dr2 0.795 0.742 0.856 n/a 

Dr1 ↔ FCN 0.798 0.764 0.834 n/a 

Dr2 ↔ FCN 0.804 0.820 0.789 n/a 

Secondary test Dr1 ↔ Dr2 0.751 0.699 0.863 n/a 

Dr1 ↔ FCN 0.752 0.724 0.854 n/a 

Dr2 ↔ FCN 0.722 0.748 0.732 n/a 

plied the best results. We also tried using the V-net [25] and U-Net 

[9] structures, but neither of these networks was able to give rea- 

sonable results within 70 epochs using various optimization tech- 

niques. Hence, we will not go into more detail here. The training 

difficulties are probably due to the small area of positive HF-s in 

the images and to overfitting. 

In the case of fully convolutional networks, they were imple- 

mented using the Tensorflow [33] framework. 

3.4. Evaluation 

After the training phase, we performed segmentations with the 

trained nets on the test data. 

Our medical experts evaluated the output images, and also nu- 

merical measurements were performed using the Dice coefficient 

(which is equivalent to the f1-score) as an accuracy metric. For a 

systematic evaluation, we compared the scores with the annota- 

tions of two doctors. Afterwards, to get a baseline for the desired 

accuracy the annotations of the doctors were compared with each 

other. 

The annotated data were compared with the segmentation re- 

sults of the neural networks on a pixel basis, using the original 

and a modified version of the Dice formula. The annotation of 

the data was performed manually, including small (1–2 pixel) mis- 

alignments at the edges of the HF (see, e.g, the manual segmenta- 

tions in Fig. 7 ). This is why, the modified Dice formula included a 

small tolerance, i.e., a positive pixel was accepted – of either the 

reference or the segmentation – as a true positive, if the other im- 

age had a positive label in a given vicinity. 

4. Results and discussion 

Some examples of the segmentations produced by the nets can 

be seen in Fig. 7 . The segmentations were approved by the medical 

experts, and based on our numerical results, we can now proceed 

to the large-scale clinical evaluation of the methods, and the fur- 

ther development of a decision aiding process. 

The numerical results of the numerous comparison are listed in 

Table 4 . The values in the table that were nearly as accurate (they 

had a Dice coefficient higher than 95%) as the overlap between the 

two annotating doctors have been highlighted. 

Observing the results, it is clear that the performance of differ- 

ent networks varied greatly. The best results were produced by the 

FCN. In most cases its score was close to – or even higher than –

the baseline between the annotators. 

Apart from the FCN, some of the other networks performed 

quite well, especially the DRN using all the features, and the Dice 

DRN. The good performance of the Dice DRN can be accounted for 

by its loss function, as this network was trained with the same er- 

ror measure that was used in the final evaluation, hence the train- 

ing process could be improved. The DRN with the full feature set, 

however, had additional information extracted from the image, and 

help it to find a better model. 

As for the other neural networks, the Split DRN, and the only 

Pixel-based DRN gave slightly worse results, and the ANNs could 

not attain the results of the best networks. 

Surprisingly, the CNN gave outstandingly bad results, which 

might be due to several reasons. First of all, the network per- 

formed worse than the FCN because of its small batch size. The 
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Fig. 8. Additional segmentations of the FCN model. 

training data sets are really biased towards negative labels, and 

there are many batches in the training process that contain just 

a few positive pixels. The probabilistic sampling can alleviate this 

problem, although changing the distribution of the samples too 

much can bias the network output towards positive labels. The 

FCN is not influenced too much by this, since it gets 10 full im- 

ages in one batch, i.e., one batch in practice contains over 2 mil- 

lion samples, as opposed to the 128 samples when training the 

CNN. The large amount of processed pixels gives the FCN sufficient 

positive samples for a good convergence, and together with the 

Dice loss function it can handle the underrepresentation of positive 

labels. 

Another disadvantage of the CNN lies in its structure. The CNN 

contains convolutions on local regions followed by pooling lay- 

ers. The pooling layers decrease the resolution of the images, and 

this degrades the spatial accuracy that might be vital for the ac- 

curate recognition of small – 3–6 pixel-sized – objects like HF. 

Note that the best performing FCN does not contain any pooling 

layers. 

Comparing the performance of the CNN with the non- 

convolutional networks (i.e., the variants of the DRN and the ANN), 

we see that the DRN and ANN have a different advantage. The 

CNN contains convolutional kernels which perform the same op- 

eration on the whole image. The DRN and ANN, however, calcu- 

late a weighted sum, but they can learn spatially different weights. 

Since the input images are quite specific around positive samples 

(e.g., they have a bright spot in the middle, and a grey area around 

them) and spatially differentiated operations can have an advan- 

tage. 

Based on these results, we can say that the FCN, the Dice DRN 

and the Full DRN can provide accurate segmentations of HF on OCT 

images, which in terms of accuracy are close to the correlation val- 

ues got between manual segmentations. 

As a further validation of the results, we decided to perform 

tests using the 8 new sequences of the secondary test dataset, and 

evaluated the best performing net which we called FCN. These re- 

sults can be seen in Table 5 , and some other examples of segmen- 

tation are shown in Fig. 8 . 
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In the new tests, we assessed the networks on the first and sec- 

ond dataset separately. We also extended the assessment by in- 

cluding the Precision, Recall, and AUC values. 

Looking closely at the results, one can see a slight shift in the 

balance towards the Recall value. It seems that the networks tend 

to segment a few more HF than the human annotators. This may 

be due to the uncertainty of the annotations in the test dataset. 

We also found that the results for first and second datasets 

were comparable, and in both cases, the FCN produced results 

close to the baseline in the Dice value. This was also the case for 

the Precision, Recall and AUC values. 

5. Availability of the software 

The software package implemented for the study is available 

on request. The interested reader should contact us by email at 

vargalg@inf.u-szeged.hu. 

6. Conclusions and future plans 

Due to the rapid development of OCT machines, several 

biomarkers detectable on OCT were identified in the examination 

of chorioretinal diseases [6] . In a real-life situation where making 

the decision of whether to treat a patient or not, the ophthalmolo- 

gist needs to take into consideration a number of factors, including 

the biomarkers on each slice of the scans. 

The number and the localization of HF was found to correlate 

with the progression of AMD and the activity of choroidal neo- 

vascularization [1,6,11–13] . Our aim was to create software tools 

that could recognize HF with great accuracy, and hence facilitate 

the highly challenging assessment of this biomarker and assist the 

ophthalmologists. 

In this study, we devised a framework for the automatic seg- 

mentation of HF in OCT images. We applied image processing 

methods and ANNs, DRNs and CNNs to learn from the annotation 

of medical doctors and carry out the segmentation. 

Two possible limitations of the study is the relatively small size 

of population that provided the base for the dataset and the fact 

that OCT scans were obtained from the imaging system of just 

one manufacturer. In further investigations we would like to use 

a bigger number of real-life patients with wet AMD, and to ex- 

tend the software to include other ophthalmologic conditions, such 

as diabetic macular oedema and retinal vein occlusion. Moreover, 

we intend to automatically segment other biomarkers and look for 

possible relationships and correlations in their appearance and be- 

havior. Finally, we are also planning to compare our methods with 

other methods provided by a parallel study in [16] . 

Our results confirm that with the right software, we can sup- 

port the clinician in analyzing the OCT scans and help reduce 

time-consuming examinations in healthcare. The results of the au- 

tomatic segmentation methods were subsequently investigated by 

retina specialists and the results were deemed sufficiently accurate 

to track the changes in HF. Hence, it may reasonably be concluded 

that neural networks can be used to segment HF in OCT images to 

a high accuracy. 
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Abstract. A modern tool for age-related macular degeneration (AMD)
investigation is Optical Coherence Tomography (OCT) that can pro-
duce high resolution cross-sectional images about retinal layers. AMD is
one of the most frequent reasons of blindness in economically advanced
countries. AMD means degeneration of the macula which is responsi-
ble for central vision. Since AMD affects only this specific part of the
retina, unattended patients lose their fine shape- and face recognition,
reading ability, and central vision. We present a novel algorithm to local-
ize subretinal fluid and cyst segments and extract quantitative measures
thereof. Since, these algorithms are fully automated, the doctor does
not need to perform extremely time-consuming manual contouring and
human inaccuracies can be also eliminated.

Keywords: Optical Coherence Tomography · SD-OCT · Age-related
macular degeneration · AMD · Subretinal fluid · Cyst

1 Introduction

Age-related macular degeneration is one of the most frequent reasons of acquired
blindness in economically advanced countries. The constant growing of AMD
patient population is more and more challenging. AMD means degeneration of
the macula which is the region of the retina responsible for central vision. Since
AMD affects only this specific part of the retina, unattended patients lose their
fine shape- and face recognition, reading ability, and central vision [9].

Basically, AMD has two forms: dry and wet form, and the latter causes
rapid and serious visual impairment in 10% of the cases [13]. In this type of the
disease, abnormal angiogenesis starts from the choroid under the macula. Fluid
and blood leak out of the neovascularized membrane into retina layers that ruins
the photoreceptors.

Experiments have demonstrated that the vascular endothelial growth factor
(VEGF) plays a vital role in the formation of choroidal neovascularization [4].

c© Springer International Publishing AG 2017
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https://doi.org/10.1007/978-3-319-68560-1_54



Automatic Detection of Subretinal Fluid and Cyst in Retinal Images 607

Currently, the most common and effective clinical treatment for wet AMD is
anti-VEGF therapy, which is a periodic intravitreal (into the eye) injection [11].

In the last decade, Optical Coherence Tomography (OCT) has been widely
used in the diagnosis of AMD and follow-up therapy. Spectral domain OCT (SD-
OCT) produces 3D volumes of data, which have been useful in clinical practice.
Existing OCT systems are partially suited to monitoring the progress of the
disease, but OCT shows many features about AMD such as hyper-reflective
dots (HRD), subretinal fluid and cysts. Figure 1 illustrates an SD-OCT B-scan
with biomarkers of AMD.

Fig. 1. Original Optical Coherence Tomography (SD-OCT) image with biomarkers of
AMD in inverted display (as our medical experts use it in daily routine).

A large number of publications in the scientific literature deal with the prob-
lem of detecting retinal layers based on various techniques. One approach is the
automatic segmentation procedure using graph theory [1,2,6]. In this approach,
the graph nodes usually relate to image pixels, the graph edges are assigned
to pairs of pixels, the edge weights depend on the intensity differences between
the node pixels, and also may depend on the spatial distance between the pixels.
Image segmentation then becomes a graph cutting problem, which can be solved
via dynamic programming. These approaches are less tolerant to noise, that is
a disadvantage, because real images are often very noisy. Another idea relies on
the well-known energy-minimizing active contour method which, unfortunately,
also has problems in handling low contrast and noise. Yazdanpanah et al. [18]
suggested a multi-phase framework with a circular shape prior in order to model
the boundaries of retinal layers and estimate the shape parameters. They used
a contextual scheme to balance the weight of different terms in the energy func-
tional. Machine learning is widely used in recent years, also for retinal image
analysis. Lang et al. [12] used random forest classifier to segment retinal layers.
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The random forest classifier learns the boundary pixels between layers and pro-
duces an accurate probability map for each boundary, which is further processed
to finalize boundaries. Procedures based on active contour or machine learning
provide effective solution, but these methods are too time-consuming. Hassan
et al. [8] used a structure tensor approach combined with a nonlinear diffusion
process for layer detection. A structure tensor is a second-moment matrix that
shows similarities and prominent orientations of the image gradient. Some other
approaches use optimized boundary tracking [5] or polynomial smoothing [14].
These algorithms are rather complex. We have developed an algorithm which
uses simple operations to localize subretinal areas. It is based on vertical profile
analysis [10].

Relatively few publications deal with the problem of automatically detecting
cysts. Gonzalez et al. [7] described a method based on watershed segmentation
and different machine learning classifiers. They focused on feature extraction
which can help to eliminate false regions. Other approaches can also be found
in the literature, two of which are discussed in Sect. 2.1.

In this study, we deal with the automatic localization of subretinal fluid
areas and cysts and also analyze major retinal layers, since layer information
can help localizing and distinguishing fluid and cyst regions. We present an
algorithm that automatically delineates the ILM (inner-limiting membrane) and
RPE (retinal pigment epithelium) retinal layers. We also describe a method to
detect subretinal fluid and cyst segments and distinguish them from each other.
We compare our results with some other algorithms from literature.

2 Methods

In this section, we present several algorithms that use different approaches
to determine cyst and subretinal fluid. First, we briefly describe two existing
approaches that we re-implemented according to the original papers for compar-
ison. Then, we describe our novel approach in more detail. The procedures first
delineate the inner and outer boundary layers (ILM and RPE, resp.) for easier
determination of the important areas.

2.1 Literature Procedures

Firstly, we describe Wieclawek’s [16] algorithm. First, the input image is nor-
malized to the [0 1] interval, because images can be made with different settings,
so that their intensity range may vary. The OCT images are affected by distor-
tions like noise, so the authors used a non-linear filtering to reduce this effect.
Next, they applied a spatial averaging filtering technique which is based on
the real product of complex diffusion. The tools of mathematical morphology
was used to delineate specific cystic areas, based on the observation that cysts
appear as darker segments in the images. Among other operations, they used
H-minima transform to highlight important regions. The single control parame-
ter is a threshold value. This value has been fixed experimentally to 30% of the
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maximum brightness in the image. The next step was the binarization of the
obtained image with a given threshold value. Since the result may still contain
false regions, they filtered all objects that are above ILM and below RPE layers.

Wilkins et al. [17] investigated the problem from another point of view. They
discarded color information in the first step of the algorithm and determined the
major layer boundaries. To improve image quality and filter noise, they used the
combination of a median filter and a bilateral filter during preprocessing. After
binarization, the method determined the boundaries of the remaining possible
cyst segments and they defined three conditions based on empirical studies.
They investigated the extent of the objects, the degree of scattering between the
intensity of the pixels in the segment, and whether the object is located between
the ILM and RPE layers.

2.2 Proposed Method

OCT images are affected by distortions like “shadowing” by blood vessels, that
may yield to false detections. In the first step of our proposed algorithm, we
improve the image quality by noise filtering and contrast enhancement using a
fuzzy operator [3]. This operation can highlight major retinal layers. We analyze
vertical profiles of the filtered image and large intensity steps in pixel density
are assumed to correspond to the change of tissue. The used fuzzy function is
defined as

κ∗
ν =

1

1 + 1−ν
ν

(
1−x

x
ν

1−ν

)λ
, (1)

where ν is a threshold, x is pixel intensity and λ denotes the sharpness of the
filtering. The function κ∗

ν can highlight boundary layers while suppressing noise.
We determine dynamically the input parameter ν in a simple way. We sample
from the top range of the image and calculated average intensity for this ROI.
The parameter λ was set to 3 empirically. Figure 2 shows an example of applying
the function κ∗

ν .

)b()a(

Fig. 2. Sample OCT image before (a) and after (b) applying the function κ∗
ν . It fil-

ters out the noise outside the retina and highlights boundary layers, so it is easier to
delineate them.
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After filtering, we divide the image into bars with fixed width. A bar consists
of 10 contiguous pixel columns and we calculate horizontal projections of each
bar to determine boundaries. One of the main steps of our proposed method is
to analyze the vertical profiles. This signal is usually noisy, so there is a need
for filtering the data. We use the Savitzky-Golay filter [15] which is a smoothing
digital filter. This filter is effective in preserving the relevant high frequency
components of the signal, which is an important aspect for our detection method.

Determining the outer layer boundary is harder than that of the inner bound-
ary, because Choriocapillaris and Chorodoidal vessels are located under the RPE
layer. The intensity of these regions vary, so several peaks appear in the projec-
tions. Fortunately, in most cases, these minimum points are not prominent, and
do not cause problem in choosing the right locations. The algorithm chooses the
most important local minimum from the projected data to identify the possible
inner and outer layer. In the next step, we filter out the outliers and we fit a
curve to the remaining points.

After we determined the boundary layers, the next step is the segmentation
of fluid and cyst areas. It can be observed that these regions appear as spots
with brighter intensity in the image. For processing, we use the inverse of the
signals, because our medical colleagues used the inverted presentation of images
for visual assessment and also exported the image data for us in this format.
The zones of the disease and the intensity of the vitreous body of the eye are
almost within the same range (if distortions are not considered). Anisotropic
diffusion is used to eliminate various errors from imaging or blood shadows.
Using the filter, it is more apparent that some parts of the retina are within
a given intensity range, so we quantize the grayscale image into five intensity
levels. Our observations showed that the layers of the retina are only in some
intensity ranges, so this operation facilitates the separation of the 8–10 main
retinal layers. During the binarization, we keep the brightest points, because
we know that the reflectivity of the cyst similar to that of the vitreous body.
By this step, we create a mask for the active contour process. To achieve the
appropriate segmentation result, the input parameters of the model were given
based on empirical studies. After that, there may be holes in some objects, so
we use hole filling. Figure 3 illustrates these steps.

(a) (b) (c) (d)

Fig. 3. Intermediate stages of the proposed algorithm. (a) Anisotropic diffusion, (b)
Quantization, (c) Binarization, (d) Result of active contour.
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So far we have identified possible important segments. Next, we need to
separate cyst, fluid and false segments from each other. This step may be omitted
in some cases, when there is no object in the picture that would be detected as a
pathological mutation. We developed a condition set for filtering cysts and fluid
regions. We test the fulfillment of the four criteria for classification at the object
level.

The greater distortion of layers was observed in those parts where these
symptoms appear, so firstly, we examine whether the actual layer is distorted or
not. This plays an important role in distinguishing between cysts and fluid areas.
To determine whether the layers are creased or not, we use the top layer boundary
points. We calculate the minimal y coordinate of the top points. For this, the
method does not take into account the left and right 25% of the image. The sides
of the image may not contain information, because of the image registration,
and large distortions also may appear in these parts of the images. In Fig. 4
we illustrate these mentioned effects. Next, we search the minimal y coordinate
of the top points, divide this image into two parts along the established peak,
and we investigate the maximal y point on both sides. We estimate the degree
of creasing. Sometimes there is no change in the middle of the image, so we
determined a threshold to decide if there is any crease in the slice or not. The
threshold for the minimum y point and the given maximum y point was defined
in 5 pixels experimentally.

Fig. 4. Example of distortion in consecutive slices.

Various a priori information can be used to distinguish between cysts and
fluid areas, and to filter out the false segments. We investigated a condition
system and we considered where the object is located within the retina, what is
the extent and the shape of the object, and whether the layer is distorted or not.
Fluid areas have larger extent and they are located close to the bottom layer
boundary or may appear in the distorted area. In the case of higher distortion
of the retina, they may also appear on the left or right side. When determining
fluid regions, it is also important to examine the cases where there is no creasing
in the layer. In the case of cysts, we need to find objects with oval shapes and
the observations show that these segments are in the increased zone. Contrary
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to fluid regions, cysts are found in higher layers. We distinguish the symptoms
based on these characteristics. False segments may also appear in the image,
but these are small objects, so we can remove them easily with an area-based
filtering. The key stages of the procedure are summarized in Fig. 5.

Fig. 5. Flowchart of the proposed algorithm.

3 Evaluation

3.1 Image Data

Our evaluation dataset contained 11 Heidelberg Spectralis OCT scans of wet age
related macular degeneration patients treated with anti-VEGF intravitreal injec-
tions. The scanning parameters are: 49 scan pattern, pattern size: 5.8× 5.8 mm,
distance between B-scans: 121 μm, size X: 512 pixel, size Z: 496 pixel, the pixel
size is 11.44 μm and 3.87 μmm in X and Z direction, respectively.

Manual ILM and RPE layer segmentation was performed by ophthalmologists
for 7 image sequences. This was considered as a ground truth for evaluating the
boundary layer detection method on these 7 image volumes.

3.2 Results and Discussion

We implemented our proposed method in MATLAB, using the Image Processing
Toolbox. We evaluated our retinal layer detection algorithm in two different
ways. We compared the results of our algorithm against the manual delineations
and we also compared the proposed method for automatic detection of subretinal
fluid and cyst with some published methods from the literature.

Firstly, we consider the result of localization of major layers. We calculated
the mean, maximum and standard deviation of boundary errors for every surface.
The 7 curves shown in Fig. 6 depict the error histogram for those OCT volumes
where manual annotation was available. Each curve aggregates the boundary
errors in the 49 scans (slices) of a study. It can be observed that the largest error
is between 1 and 4 pixels in most cases and Table 1 asserts to this statement.
As presented in Table 1, the maximal distance between manually segmented and
automatically detected layer boundary is 19 pixels (ca. 73.5μm). This deflection
comes from two sources, namely, the substantial jumping between B-scans and
layer distortions due to the disease. Unfortunately, we could not exploit 3D infor-
mation directly to segment the retina layers, because there are some anomalies
among slices of the OCT volume, due to the image acquisition and registration
process (within the device’s software).
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Fig. 6. Error histogram of 7 image sequences.

Table 1. Summary of mean, standard deviation and maximum error (in pixels) between
manually segmented and automatically detected layers in 7 annotated OCT image
sequence.

Seq 02 Seq 03 Seq 04 Seq 05 Seq 06 Seq 07 Seq 08 All

Mean Wilkins 1.90 1.86 2.90 1.88 9.00 1.22 10.91 4.24

Wieclawek 6.86 10.34 11.20 17.82 6.88 5.42 7.11 9.38

Proposed 2.01 2.10 1.44 1.96 2.39 2.17 1.83 1.98

Std. dev. Wilkins 3.34 2.05 2.67 1.62 2.73 0.18 2.93 2.28

Wieclawek 7.92 5.59 5.92 6.31 5.97 4.78 5.39 5.98

Proposed 1.56 0.69 0.65 0.80 1.63 0.64 0.65 0.94

Maximum Wilkins 26 19 17 17 25 11 25 20

Wieclawek 35 31 24 22 21 20 19 24.57

Proposed 17 15 15 19 18 15 17 16.57

In Sect. 2, we have presented two methods from the literature for the seg-
mentation of cysts, as well as our proposed method, which is also suitable for
delineating fluid areas. Unfortunately, expert annotation was not yet available
to evaluate segmentation results, so we compare visually the outputs of the algo-
rithms.

Figure 7 illustrates segmentation results by the algorithms in some slices. The
method developed by Wieclawek detected fewer possible cyst regions, which may
be due to the fact that the given threshold only keeps the actual light points. The
disadvantage of this is, that important areas may be lost during processing. The
other method from literature by Wilkins yields almost the same segmentation
results, but in many cases it holds false objects, because the thresholds are not
dynamically defined. In contrary, our method uses dynamic requirements based
on a priori information.

We tested the re-implemented earlier published methods on images in which
cysts and fluids may also appear. They can also detect these regions because
these segments are also lighter object in the image. Our algorithm, however, as
it can be seen in Fig. 7(c), can also distinguish these two types of structures from
each other.
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(a) (b) (c)

Fig. 7. Illustration of detected cyst (red curve) and subretinal fluid (blue curve) regions
by the described algorithms. Columns: (a) Wilkins et al., (b) Wieclawek, (c) Proposed
method. Top three rows contain only cysts, while the bottom two scans also have fluid
areas. (Color figure online)
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4 Conclusion

We presented a novel algorithm for the detection of subretinal fluid areas and
cysts and we compared it with two methods from the literature for cyst local-
ization. After having seen the results, the medical colleagues believe that digital
image processing can help the quantitative assessment of the OCT features of
AMD by providing automatic tools to detect abnormalities and to describe by
objective metrics the current state and longitudinal changes during disease evo-
lution and treatment. Using SD-OCT to follow up changes of subretinal fluid
and cysts volume will become a useful tool in detecting subtle changes during
the treatment process. Further studies are planned to evaluate these new tools
in a cohort of AMD patients.

Acknowledgments. This work was supported by the NKFIH OTKA [grant number
K112998]. The authors thank Dr. József Dombi for suggesting the use of fuzzy operators
for the image preprocessing step.
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Abstract. Optical Coherence Tomography (OCT) is one of the most
advanced, non-invasive method of eye examination. Age-related macu-
lar degeneration (AMD) is one of the most frequent reasons of acquired
blindness. Our aim is to develop automatic methods that can accurately
identify and characterize biomarkers in OCT images, related to AMD.
We present methods for quantizing hyperreflective foci (HRF) with deep
learning. We also describe an algorithm for determining pigmentepithe-
lial detachment (PED) and localizing outer retinal tubulation (ORT)
that appears between the layers of the retina.

Keywords: Age-related macular degeneration · Biomarker
Pigmentepithelial detachment · Hyperreflective foci
Outer retinal tubulation · Optical coherence tomography

1 Introduction

Age-related Macular Degeneration (AMD) is a health problem worldwide, that
is the leading cause of vision loss in the Western World. While symptoms are
rare in patients below 50 years of age, an increasing prevalence of AMD can be
detected in the elderly population. AMD means degeneration of the macula, the
region of the retina responsible for central vision. Since only this specific part
of the retina is affected by AMD, untreated patients lose their fine shape- and
face recognition, reading ability, and central vision [4]. AMD can be divided
c© Springer International Publishing AG, part of Springer Nature 2018
A. Campilho et al. (Eds.): ICIAR 2018, LNCS 10882, pp. 706–714, 2018.
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into two subtypes; the dry (non-exudative) and the wet (exudative, neovascular)
form. The latter one causes rapid and serious visual impairment and accounts for
10% of the cases. In this more acute, neovascular type of the disease, abnormal
angiogenesis causes fluid and blood leakage into the retinal layers thus resulting
in photoreceptor lesion. Albeit the exact pathomechanism of the disease is still
unclear, it is known that the vascular endothelial growth factor (VEGF) plays
crucial role in the pathogenesis [10]. The first choice of treatment in neovascular
AMD is anti-VEGF intravitreal injection, a periodic injection into the eye.

During the last decade, optical coherence tomography (OCT) has become
a basic tool in diagnosing and monitoring neovascular AMD and its response
to anti-VEGF treatment. With the help of OCT, we are capable of detect-
ing the layers of the retina, and also the effects of the disease, the so-called
OCT biomarkers, such as subretinal/intraretinal fluid accumulation, pigmentep-
ithelial detachment (PED), outer retinal tubulation (ORT) or hyperreflective
foci (HRF) (Fig. 1). These markers help the clinical decision-making process for
observing/treating/re-treating a patient. To improve the treatment procedure,
there is a need for more precise measurements, hence our aim was to create
algorithms which can automatically identify and quantify some of the above
mentioned biomarkers, namely PED, ORT and HRF.

A large number of publications in the scientific literature deal with cysts,
subretinal fluid detection and retinal layer segmentation, however only a small
number of papers are available on PED. Haq et al. [3] defined 12 retinal layer
with a multi resolution graph-search method and the PED was calculated from
the relative position of the lower two layers. The algorithm of Shi et al. [9] applied
machine learning for PED detection. We have not come across any papers about
automatic segmentation of ORT. In case of the HRFs there are some simple
techniques for the detection (see, e.g., [8]), but we have not found any methods
in use related to AMD.

Fig. 1. Optical Coherence Tomography (SD-OCT) image of the retina with biomarkers
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2 Materials and Methods

In this section, we present several algorithms to detect HRF, PED and
ORT. The OCT images were acquired using Heidelberg Spectralis (Spectralis,
Heidelberg Engineering, Heidelberg, Germany) OCT scans on wet age-related
macular degeneration. Patients were either treated naively or with anti-VEGF
intravitreal injections. The annotated images contained many biomarkers, such
as subretinal fluid, PED, subretinal and hyperreflective material. The currently
used data consist of images of different patients taken at different times. All
image sequences consisted of 49 slices taken with a 6 × 6 mm pattern size and
122 μm slice distance. The slices were generated by averaging 30 frames on each
B-scan. Slices had a resolution of 512 × 496 pixels with pixel sizes 11.45 and
3.87 μm and a quality score above 16 dB.

We evaluated our PED and ORT segmentation method by comparing the
results to manual segmentations of ophthalmologists for 2 image sequences. The
database of HRF consisted of 11 image sequences taken from 7 clinical patients.
The annotation was performed by two clinical doctors, independently marking
the hyperreflective foci.

2.1 PED Detection and ORT Localization

Pigment epithelium detachment (PED) can be an important medical feature
of the disease. PED estimation can be made relatively easily after the retinal
pigment epithelium (RPE) layer is detected. Determining the outer boundaries,
such as the internal limiting membrane (ILM) and RPE layers are defined in
our previous work [5]. We calculated a possible normal layer boundary using
the known RPE boundaries to characterize the detachment. We took 1% of the
points from both sides of the image and we fitted a smoothed cubic spline to
these points, giving the possible boundary.

In many cases, even for doctors, it is difficult to see the ORTs, they can only
guess their place and extent. Consequently, an approximate segmentation result
can also help.

The ORT has hyperreflective contour and contains hyper- hyporeflective
points. The procedure is based on finding hyperreflective points. As we can
see in Fig. 1, the input image is noisy, so we used a Wiener filter with a 3 × 5
pixel kernel. Our input image size was 509 × 496, so a smaller kernel was suf-
ficient. Reflective points were localized using a Hessian detector [1]. Then, we
performed a non-maximum suppression and considered the 100 highest points.
The result image may also contain a several points that are not relevant for ORT
localization.

For filtering the false points, we used some prior information about the
biomarkers. Firstly, we calculated the retina thickness and we kept only those
points which are located in the lower third of the retina. Since we know that
ORT is close to the RPE layer and in the distorted retina region or nearby sur-
roundings, by estimating the beginning and end of the distortion on the slices
additional points can be removed. We used our published algorithm [5] to detect
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the extent and location of the distortion of the retina and the detection of cyst
and liquid areas. Limiting the specific extent of the ORT in many cases is very dif-
ficult, because there is no clear distinction between the hyperreflective wall and
its surroundings. We performed adaptive histogram equalization in the image
so that at least a part of the possible contours became separable by hysteresis
thresholding. The two threshold values are given as the lower and upper third
of the maximum intensity value in the image. At the end of the last filtering, we
kept only those points which were part of an object in the binary image. Then,
we calculated distance map for the points, thresholded and finally computed the
convex hull of the objects. The key stages of the procedure are summarized in
Fig. 2.

Fig. 2. Flowchart of the proposed PED detection and ORT localization algorithm.

2.2 Quantifying Change in HRFs Using Deep Neural Networks

One of the aims of this work was to quantify the number of HRF pixels in the
OCT slices. Although this included the segmentation of HRF pixels, our goal
was not a detection, but rather the tracking slight changes in the amount of
HRFs. This can help the doctors to objectively track the progress of the disease
and aid the treatment planning. For this task, we used Deep Neural Networks
(DNNs), which were trained using annotated images by ophthalmologists.

We applied several types of networks, namely the standard Artificial Neural
Networks with one hidden layer, Deep Rectifier Neural Networks (DRNs) [2] and
Convolution Neural Networks (CNNs) [7], which were successfully used in many
previous medical studies [6]. The goal of these networks was to classify one single
pixel from a given feature vector. The full image classification was performed by
classifying each pixel of the image, separately. We gave the networks two types
of input data. The first one was the raw pixel data, which consisted of raw pixel
intensities in 25 × 25 pixel vicinity of the pixel to classify. The other type of
input consisted of feature vectors extracted from the OCT images. These features
were:

– Weighted sum of pixel intensities in the neighborhood weighted with a Lapla-
cian of Gaussian (LoG) kernels of different σ values. LoG filter σ value ranged
from 1 to 2 with a step of 0.1;

– Distance of the pixel from the ILM and RPE layers;
– Distance from subretinal fluid;
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– To help the networks recognize shadows of veins we added 25 average inten-
sity values of 40 pixel long vertical strips under the pixel in question,
i.e.,

{∑40
j=1 I(x − i, y − j), i ∈ {−12,−11, . . . , 11, 12}

}
, where I(x, y) is the

pixel of question with x and y coordinates.

The marked targets by ophthalmologist were the bright spots of the images hav-
ing equal or higher reflectivity than the RPE band, and a diameter of approx-
imately 20 − 40 µm (2–4 pixels). The annotation consisted of the delineation
the HRF pixels of the slices. Before the training phase, we separated the dataset
into two partitions, 7 out of 11 sequences were used for training the networks.
The other 4 sequences were kept for testing. The images in the test set were
taken from 4 different patients. The data of these patients were not included
in the training dataset in any way (i.e., the training data set was taken from
other patients). Within the training dataset, we used 1 out of every 7 slices for
development purposes (i.e. hyperparameter tuning).

We trained an ANN and a DRN using only the pixel data. Furthermore,
we also changed the network structure by splitting the first hidden layer of the
DRN; half the neurons were connected to the raw pixel input and the other half
was connected only to the extracted features.

The structure of the networks were determined empirically by seeking the
structures giving the best results. The ANNs had only one hidden layer and
7000 hidden neurons, the DRNs had 5 hidden layers each having 1000 rectifier
neurons. To train the ANNs and the DRNs we applied stochastic gradient descent
(i.e. backpropagation) training with a mini-batch size of 100. The initial learn
rate was set to 0.001, which was halved after each iteration if the performance
on the validation set did not improve. During the preliminary experiments we
found that the optimal value of the sampling parameter (λ) was 0.8.

The CNN had 3 convolutional layers having a kernel size of 5× 5 and output
size of 32, 32 and 64, respectively, followed by a fully connected layer of 2 neurons,
and a softmax layer. The CNN was trained with backpropagation method with
a fixed learning rate of 0.001, momentum of 0.9, and weight decay of 0.004.
The batch size was 128. Before training and evaluation we normalized the data
to the interval [−1, 1]. The net was initialized with random values of uniform
distribution, and we did not use any pre-training.

3 Evaluation and Results

3.1 PED and ORT Detection

For calculating accuracy, we used the Jaccard coefficient of similarity, which mea-
sures the overlap of the annotated segment and the detected biomarker region.
The result of the pigmentepithel detachment localization depends on the location
of the pre-determined RPE layer. It may also appear as subretinal hyperreflec-
tive material, which is not distinguished from the detachment, so this appears
as a false detected region in evaluation. Figure 3 represent the Jaccard values for
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Fig. 3. Jaccard histogram of 2 image sequences. Horizontal axis represents Jaccard
values and vertical axis is the number of slices with Jaccard index falling into the given
ranges.

Fig. 4. Illustration of detected and annotated PED and ORT. Upper images show
PED regions (magenta - detected, yellow - annotated) and lower pictures represent
ORT (red - detected, blue - annotated). (Color figure online)

the two annotated sequences. It can be concluded that the procedure in most
cases closely approximates the PED area designated by the ophthalmologist.

In the case of ORT, we analyse the result in two different ways, because not
only the localization is important for the ophthalmologist, but sometimes it is
also appropriate to determine, if ORT appears on images or not. We achieved a
Jaccard value of 0.530 for the two sequences, but we filtered images which do not
contain ORT with 97.6% success. Figure 4 illustrates the results of the proposed
methods.
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Running time of the method was 0.401 ms, PED detection was 0.006 ms on
average and ORT localization took 0.091 ms per slice.

3.2 Tracking the Amount of HRFs

The small size and the limited amount of the HRFs made the use of simple (F1
score, or Dice coefficient-based) pixel-wise evaluation metrics meaningless, since
only a 1 pixel misalignment in the segmentation would show significant error
on the 2–4 pixel sized HRFs while the result is still useful. Also, segmenting
HRF-s was not the goal of this study as the doctors wanted a method to track
the changes in the HRF amounts. For the comparison, we evaluated the perfor-
mance of the nets by calculating the Pearson’s correlation coefficient between
the number of HRF pixels on the automatic and manual segmentations. Using
196 slices, we pairwise compared the pixel counts got by the automatic segmen-
tations to those of the gold standard annotation. As a baseline for the study,
we also calculated the correlation between the manual annotations of the two
doctors. The results can be seen in Table 1.

Table 1. Pearsons correlation coefficient between the automatic and manual segmen-
tations. In columns one can see the comparison of segmentations sources (NN - Neural
network; MD.# - physician).

Data (optimizer goal) NN ⇔ MD.1 NN ⇔ MD.2 MD.1 ⇔ MD.2

ANN - pixel (accuracy) 0.778 0.789 0.812

ANN - pixel & feature (accuracy) 0.698 0.775

DRN - pixel (accuracy) 0.812 0.783

DRN - pixel & feature (accuracy) 0.796 0.782

split DRN - pixel & feature (accuracy) 0.812 0.790

DRN - pixel & feature (dice) 0.802 0.788

CNN - pixel (accuracy) 0.845 0.862

We argue, that if a neural network can reach a higher correlation than the
one between the annotations of the doctors (0.812), then its outputs are useful,
since they reflect the number of HRFs on a slice as well as the annotation
of a medical expert would. In most of the cases, the networks were able to
provide good results as almost all of them achieved a correlation value above
0.78. Interestingly, using the extracted features did not improve the quality of
the segmentation, suggesting that the nets learned to extract those informations
from the raw data. Furthermore, switching the loss function to the Dice loss was
neither beneficial.

The best results were achieved by the CNN, with correlation coefficients over
0.845. This indicates that it can produce an acceptable, and reliable quantization.
We should also note that the hand made full delineation of HRFs in an OCT
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sequence leading to an accurate quantization is time consuming, and our method
can give a quick automatic estimation of the amount of HRFs.

Based on the above results, we can say that our methods are capable of track-
ing the number of HRFs in OCT images, and they could aid the doctors during
the planning of the treatment, by speeding up the decision making process.

4 Conclusions

We have described procedures for analysing some OCT features of AMD patients.
The methods include detection of PED, localization of ORT between retinal
layers, and the quantization of HRF. We determined the possible normal layer
boundary for the characterization of PED and we introduced a method to localize
ORT. We compared our results with the annotated data by medical colleagues.
Furthermore, automatic detection of these specified biomarkers can be used not
only in AMD patients, so it can help the doctor during patient examination.

Our HRF quantization method achieved a correlation coefficient as good as
the one between the annotations by the ophthalmologists. Hence, we argue that
they are suitable for aiding the diagnosis and treatment planning process.
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