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Abstract

Optical Coherence Tomography (OCT) is a well-established medical imaging technique that allows the analysis of the eye fundus
characteristics in real time. These images enable the experts to make a clinical evaluation of the retinal vasculature, whose mor-
phology provides relevant information for diseases like diabetes, hypertension or arteriosclerosis. In this paper, we present a novel
proposal for the automatic vasculature identification in retinal OCT images. To achieve this, we analyse the intensity profiles be-
tween representative retinal layers, previously segmented. Then, two statistical models are generated using representative samples
of vessel and non-vessel profiles. The analysis of both statistical models let us optimize the discrimination of both cathegories that
is used, finally, to identify the vessel locations. The proposed method was adjusted and validated using 256 OCT images, including
1274 vascular structures that were labelled by an expert clinician. Satisfactory results were provided as a precision of 94.55% and
a recall of 90.25% were obtained, respectively. The method facilitates the doctors’ work allowing better analysis and treatments of
vascular diseases.
c© 2017 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.

Keywords: Computer-aided diagnosis; retinal imaging; Optical Coherence Tomography; vessel detection

1. Introduction

The retinal vasculature is a complex structure whose analysis can provide potential biomarkers for diseases like
diabetes, hypertension or arteriosclerosis1 2 3. Optical coherence tomography (OCT) is a noninvasive high-resolution
optical imaging technique that provides histological tomographical images of the eye fundus4. This method allows
the capture of images of the retinal tissues that include the presence of the retinal vasculature5, enabling the experts
to make accurate analysis and clinical evaluations. In these images, the retinal vessels are visualized as structures that
block the transmission of light and leave a shadow, as illustrated in Fig. 1.
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Fig. 1. OCT histological image with the shadow projections of a set of vessels.

Fig. 2. Main steps of the proposed methodology.

In the state of the art, we can find many different approaches that faced this problem in classical retinographies.
As reference, Nekovei et al.6 based his proposal on the application of neural networks using a back-propagation
algorithm with the momentum term. In the case of Elbalaoui et al.7, a Hessian multiscale enhancement filter is
designed from an adaptive thresholding for vessel detection. Espona et al.8 proposed a methodology based on the use
of deformable contour models, incorporating domain specific knowledge such as topological properties of the blood
vessels to identify them.

However, few studies were proposed using OCT images. Moreover, the proposals used, as support, the correspond-
ing near-infrared reflectance retinography for the vascular detection process. Niemeijer et al.9 used a 2D projection
of the vessel pattern to obtain a high contrast between the vessel silhouettes and the retinal background. Guimarães
et al.10 employed the OCT fundus images to locate the depth of the vessels, enclosed in the study of abnormal retinal
vascular patterns. Moura et al.11 detected the vasculature in the retinography and projected these 2D locations in the
OCT histological images to estimate the depths along all the vessel tree.

We propose, in this work, a novel and complete methodology for the automatic detection of retinal vessels using,
only, the OCT histological images. The method segments the retinal layers and detects the vessel structures by the
analysis of vessel and non-vessel profiles obtained between these layers. Using this analysis, statistical models are
constructed for both categories that are used to determine the vessel identifications.

2. Methodology

The proposed methodology is divided into four main steps: firstly, the retinal layers are segmented using the input
image; secondly a preprocessing is applied to enhance the characteristics of the vascular structures; then, a set of
statistical features is extracted, modelling the brightness profiles of both categories; finally, the vessels are detected
using these profile characterizations. A schematic representation of the main steps of this methodology can be seen in
Fig. 2.
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Fig. 3. Example of (M/E) and (RPE/C) retinal layer segmentation.

2.1. Retinal Layer Segmentation

The OCT image represents the morphology of the retina with sufficient histological quality to appreciate the vas-
cular structures and their respective shadows that are projected on the layers of the retina. The vascular shade is most
prominent in the region between the following retinal layers: Pigment Epithelium Bruch’s Complex with the Choroid
(RPE/C) and top boundaries of the Ellipsoid (M/E). The first step of the methodology consists of restricting the search
region to the area between these retinal layers. To achieve this, we use the methodology proposed in12, where the
retinal layers are segmented using snakes, an active contour-based approach. This method defines each retinal layer
as a polygonal surface that, placed in the image, evolves until it reaches the optimal adjustment with the shape of
the aimed structure. Each vertex of the snake is moved according to inner and outer forces, and the general contour
becomes stable when the minimum of the energy function is achieved. These energy forces are measured by the
energy function ξsnake (Eq. 1), where ξint represents the internal energy (the snake flexibility and elasticity), and ξext
the external energy (the forces that push the snake towards the edges of the shape).

ξsnake(s) =
∫

ξint(s)ds +
∫

ξext(s)ds (1)

In Fig. 3, we can see a representative example of the result of this segmentation stage, identifying the region of
interest that is used in the following phases.

2.2. Image Pre-Processing

OCT images are characterized by the presence of a granular pattern known as speckle noise that complicates
the process of identification and interpretation of retinal structures. For that reason, a noise reduction and contrast
enhancement is desirable in the analysed regions. To achieve that, a Gaussian blur filter is applied to reduce this
speckle noise in the image. Then, a top-hat transform is used vertically to increase the contrast of the vascular
shadows. Fig. 4 illustrates the results that are obtained in this step of the methodology.

2.3. Statistical Feature Extraction

In this phase, we calculate the statistical characteristics that are posteriorly used in the construction of the models
that represent the vessel and non-vessel profiles. Three statistical features are calculated within the region of interest
that is delimited by the layers (RPE/C) and (M/E) of the pre-processed image:

• mi: median of the intensity profiles in each column ci.
• µi: mean of the intensity profiles in each column ci.

Fig. 4. Example of pre-processed image after noise removal and contrast enhancement.

Fig. 5. Statistical feature (mi, µi and µc), extraction process.

• µi − µc: mean µi of the intensity profiles in each column ci minus the mean µc calculated for each OCT histo-
logical image c.

Fig. 5, shows a representation of the statistical feature calculation (mi, µi and µc) in an OCT image.

2.4. Brightness Profile Characterization

The defined statistical features were calculated in a set of OCT images. This information was used to analyse the
brightness profile characterization and identify the vessel and non-vessel profiles. Histograms of both classes are,
then, calculated, obtaining the models for both categories. These brightness profile models are used to determine the
optimal threshold, th, that is used to separate both classes in the histogram. Fig. 6 illustrates the representation of the
models for vessels and non-vessels, identifying the parts that belongs to: True Positive (TP), False Positive (FP), True
Negative (TN) and False Negative (FN). The optimal threshold, th, is obtained through the analysis of the following
measurements: precision, recall and f-score (Eqs. (2), (3) & (4), respectively). Hence, th is the value that represents
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Fig. 6. Models for vessel and non-vessel profiles using: TP, FP, TN and FN. The optimal threshold, th, represents the value that separates the
histogram into two classes: Vessel and Non-Vessel.

the best compromise between precision and recall identified by the maximum f-score value that is calculated for each
feature.

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F − S core = 2 ·
(
Precision · Recall
Precision + Recall

)
(4)

Once the optimal threshold is applied, the detected columns are grouped by connectivity. The final vessel detections
are determined by the central point of each group.

Fig. 7. Histograms representing the mean brightness profiles, µi, using the training dataset. (a) Vessel profile. (b) Non-Vessel profile. (c) Vessel
and Non-Vessel profiles.

3. Experimental Results

The proposed method was tested using 256 OCT histological images. These images were taken with a confocal
scanning laser ophthalmoscope, CIRRUSTM HD-OCT Carl Zeiss, with Spectral Domain Technology, at a resolution
of 490 × 500 pixels. These images are centered on the macula, from both left and right eyes of different patients.
A total of 1274 vessels have been manually labelled by an expert clinician. We randomly divided the dataset into a
training and a testing dataset, both including 128 images.

Regarding the training dataset, it contained 1502 profiles, 525 coming from vessels and 977 selected from non-
vessel profiles. Fig. 7, shows the vessel and non-vessel histograms that were obtained using the statistical feature
µi.

The optimal threshold, th, was identified, as said, by the evaluation of the accuracy of the proposed method using
three measurements: precision, recall and f-score. Table 1 summarizes the results of the optimal threshold, th, obtained
using each feature. In Fig. 8, we can see the ROC curve, using precision and recall, with the results for each of the
analysed features: mi, µi and µi − µc.
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Table 1. Precision, Recall and F-Score in the calculation of the optimal threshold, th.

Feature th Precision Recall F-Score

mi 136 89.3651% 88.3695% 0.888645
µi 131 91.0356% 90.2545% 0.906433
µi − µc -30 92.5696% 91.5475% 0.920557

Fig. 8. ROC curves with the results of the used features: mi, µi and µi − µc.

Regarding the validation phase, the testing dataset was composed by 749 vessel and 839 non-vessel profiles. Table
2 presents the results that were obtained using each statistical feature. Although there is no great differences among
them, both in training and testing stages the µi−µc was the feature that offered a better and more complete performance
to the vessel detection process, with a f-score of 92.34%. The best performance of µi − µc derives from the fact that
it normalizes the mean of the column by the global mean of the image, making that this feature is more robust to the
parameters of brightness and contrast that may vary during the image acquisition, situation that is common in this
type of images.

Table 2. Precision, Recall and F-Score results using the testing dataset.

Feature Precision Recall F-Score

mi 92.0485% 91.1882% 0.916163
µi 94.6175% 89.1855% 0.918213
µi − µc 94.5454% 90.2536% 0.923497

Fig. 9 shows representative examples illustrating the results of the proposed method. As we can see, the method
is capable to detect vessels of different sizes. We also show a couple of representative errors. Most of the FPs, as
happens in Fig. 9(c), are due to shadows that are generated by the presence of other structures that can be present in
the retina. Regarding FNs, as the case of Fig. 9(d), they usually appear with small vessels. These vessels produce
reduced projected shadows that are more sensitive to alterations produced by noise artefacts that may be introduced
during the image capture procedure.

(a) (b)

(c) (d)

Fig. 9. Examples of results of the proposed method.

4. Discussion and Conclusions

In this paper, we present a new methodology for the automatic vasculature identification in OCT images. The
proposed methodology exploits differents statistical features over the brightness profile of the columns between the
retinal layers, (RPE/C) and (M/E), to detect the vessels. We used OCT histological images labelled by an expert
clinician to construct both vessel and non-vessel profile sets and stablish a discriminant criterion to identify the vessel
locations.

We evaluated the robustness and accuracy of the proposed methodology, obtaining accurate results. Analysing
the training and testing results of the experiments (see Tables 1 and 2), we can conclude that µi − µc offers a better
and more complete performance in the vessel detection process, although it is not observed significant differences
with respect to the other features. This automatic vessel identification facilitates the work of the ophthalmologists
in diagnostic processes, helping to achieve better analysis and treatments of vascular diseases that are studied in
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and more complete performance in the vessel detection process, although it is not observed significant differences
with respect to the other features. This automatic vessel identification facilitates the work of the ophthalmologists
in diagnostic processes, helping to achieve better analysis and treatments of vascular diseases that are studied in
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the retinal microcirculation. As future work, we will study further statistical features that may incorporate higher
discriminant power in the vessel identification. Moreover, we want to extend the methodology with the incorporation
of the vessel segmentations. Additionally, further analysis with larger image datasets should be done in order to
reinforce the conclusions of this work.
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