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Abstract. Robust delineation of retinal microvasculature in optical coherence to-
mography angiography (OCTA) images remains a challenging task, particularly 
in handling the weak continuity of vessels, low visibility of capillaries, and sig-
nificant noise interferences. This paper introduces a modulatory elongated model 
to overcome these difficulties by exploiting the facilitatory and inhibitory inter-
actions exhibited by the contextual influences for neurons in the primary visual 
cortex. We construct the receptive field of the neurons by an elongated represen-
tation, which encodes the underlying profile of vasculature structures, elongated-
like patterns, in an anisotropic neighborhood. An annular function is formed to 
capture the contextual influences presented in the surrounding region outside the 
neuron support and provide an automatic tuning of contextual information. The 
proposed modulatory method incorporates the elongated responses with the con-
textual influences to produce spatial coherent responses for delineating micro-
vasculature features more distinctively from their background regions. Experi-
mental evaluation on clinical retinal OCTA images shows the effectiveness of 
the proposed model in attaining a promising performance, outperforming the 
state-of-the-art vessel delineation methods.  

Keywords: Retinal vasculature. OCTA. Elongated responses. Contextual infor-
mation. Modulatory influences. Vessel features 

1 Introduction 

Optical coherence tomography angiography (OCTA) is a noninvasive ophthalmic im-
aging modality that captures the thin vessels and capillaries, named as microvascula-
ture, present around the fovea and parafovea regions at various retinal depths. The 2D 
en face OCTA images have been increasingly used in clinical investigations for inspect-
ing retinal eye diseases and systemic conditions at the capillary level resolution. More 
specifically, the morphological changes of retinal vasculature distributed within para-
fovea regions are associated with diseases such as diabetic retinopathy, early-stage 
glaucomatous optic neuropathy, macular telangiectasia type 2, uveitis, and age-related 
macular degeneration [1-3]. In addition, analyzing retinal microvasculature at different 
depth layers can offer new pathological features that have not been reported before for 
clinically related findings. For instance, recent studies [4, 5] have manifested that the 
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variations in the vascular morphology exhibited in OCTA images are associated with 
Alzheimer’s disease, mild cognitive impairment, and chronic kidney disease. There-
fore, the extraction of microvasculature from OCTA image is of a great interest. The 
reliability of phenotypes calculated for diagnosing retinal vascular-related diseases de-
pend on the quality of segmented vascular trees. Since retinal vascular structures appear 
as a wire mesh-like network that is associated with numerous branching and fusing, and 
considerable variations in contrast, the manual annotation of vasculature network is a 
labor-intensive, time-consuming, and error-prone procedure.  

The automated delineation of retinal vasculature from OCTA images encounters 
several problems such as low signal-to-noise ratio (SNR), projection and motion arti-
facts, and inhomogeneous image background. A few methodologies have been used in 
the literature for detecting vessel trees in OCTA images. The majority of the vessel 
delineation approaches have been presented for color fundus images. Generally, the 
existing methods for vessel extraction from OCTA images can be categorized into su-
pervised [2,6,7] and unsupervised approaches [3,8,9]. Li et al. [6] proposed an image 
projection network that takes 3D OCTA data as input and produces 2D vessel segmen-
tation results. A channel and spatial attention network was introduced by Mou et al. [7] 
for extracting fine vessels from OCTA images. Recently, an OCTA-Net model by Ma 
et al. [2] was presented to segment fine and coarse vessels separately. In spite of the 
popularity of deep learning models in the vessel detection task, these algorithms typi-
cally need a large amount of annotated samples used in intensive training processes to 
achieve vessel extraction task. Apart from supervised learning, Yousefi et al. [8] devel-
oped a filtering approach based on multi-scale Hessian filter and morphological opera-
tions for the detection of microvascular structures in OCTA images. Zhang et al. [3] 
combined curvelet denoising and optimally oriented flux algorithms to effectively en-
hance OCTA microvasculature. Gao et al. [9] introduced a reflectance-adjusted thresh-
olding method for binarizing superficial vascular complexes of en face retinal OCTA 
images. Further, the delineation methods [10-15] have attained encouraging results for 
vessel delineation in fundus color images. An operator inspired by the push-pull inhi-
bition in the visual cortex was introduced by Strisciuglio et al. [10] to increase the ro-
bustness of vessel detection against noise. Regularized volumed ratio [13] considered 
vessels as rounded structures to produce strong responses for vessels with low contrast 
and preserve various vessel features. A bowler-hat transform [15] was proposed to de-
tect the inherent features of vessel-like structures. The existing algorithms have 
achieved a great progress for vessel enhancement and extraction. However, the follow-
ing problems remain unsolved and need to be overcome for a reliable vasculature de-
lineation in OCTA images. (i) Some vessels and capillaries suffer from the problem of 
weak continuity, which leads to a disjoint detection in segmented vascular trees. (ii) 
Due to the poor SNR of OCTA images, some capillaries are presented with an inade-
quate contrast, causing difficulty in differentiating them from inhomogeneous back-
ground. (iii) OCTA images are associated with high noise level, which significantly 
interferes with vessel structures and makes their boundary irregular.  

This paper introduces a new modulatory elongated model to advance the delineation 
methodology of retinal microvasculature in OCTA images via addressing the above 
problems. The contributions of this work are summarized as follows. (1) A modulatory 
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function is proposed to include two simultaneous facilitatory and inhibitory delineation 
processes that distinguish vascular trees more conspicuously from background. (2) The 
responses of the elongated representation encode the intrinsic profile of the vessels and 
capillaries, elongated-like shape, which retains the subtle intensity changes of vessels 
and capillaries for solving the continuity issue. (3) The proposed method disambiguates 
the region surrounding vessel structures for addressing the disturbance of noise at vas-
cular regions. (4) Our method achieves the best quantitative and qualitative results over 
the state-of-the-art vessel delineation benchmarks.  

2 Methodology  

The primary visual cortex (V1) has an essential role in the perception of objects in the 
visual system. The physiological studies revealed that the response of a V1 neuron to a 
stimulus in its receptive field can be either increased or decreased when more stimuli 
are added in the region surrounding the receptive field. The stimuli falling outside the 
classical receptive field (CRF) can exert modulatory effects on the activities of neurons 
in V1. The surrounding area beyond the CRF is named as a non-classical receptive filed 
(nCRF) modulation region, which captures long-range contextual information for mod-
ulating the neuron responses [16-18]. The modulatory effects resulted from the interac-
tion between the CRF and nCRF extend the cortical area and allow visual cortex neu-
rons to incorporate a broader range of visual field information to identify complex 
scenes. Based on the above neurophysiological evidences, we propose our modulatory 
elongated model as follows: 

 
Responses of V1 Neurons. We propose to describe the responses of orientation-selec-
tivity V1 neurons to the stimuli placed within the classical receptive field (CRF) by an 
elongated representation. The elongated kernels [19] can effectively simulate neuron 
responses at various characteristics such as preferred orientation, spatial scale and pro-
file shape. The elongated responses are defined as: 

                𝛹𝛹𝜎𝜎,𝜌𝜌
𝜃𝜃 (𝑥𝑥, 𝑦𝑦) = 𝜌𝜌2
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where 𝜎𝜎 > 0 is the scaling factor that determines the width of the kernel and 𝜌𝜌 > 1 
represents the anisotropic index that controls the elongation of kernel profiles. 𝑇𝑇 is the 
matrix transpose and 𝐑𝐑𝜃𝜃  denotes the rotation matrix with angle 𝜃𝜃 while (𝑥𝑥,𝑦𝑦) is a point 
location. In our implementation, we set 𝜎𝜎 ∈ [1: 0.5: 2.5], 𝜌𝜌 ∈ (1: 0.1: 1.5] and  𝜃𝜃 ∈
� 𝜋𝜋
16

, 2𝜋𝜋
16
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16

, … , 15𝜋𝜋
16

,𝜋𝜋�. 𝛹𝛹𝜎𝜎,𝜌𝜌
𝜃𝜃 (𝑥𝑥, 𝑦𝑦) forms a pool of neuron responses for processing the 

local stimuli within the CRF. For an input OCTA image 𝕀𝕀(𝑥𝑥, 𝑦𝑦), the final CRF response 
of a V1 neuron is obtained as:   

                                       𝜓𝜓(𝑥𝑥,𝑦𝑦) = max
𝜎𝜎,𝜌𝜌,𝜃𝜃

 �(𝛹𝛹𝜎𝜎,𝜌𝜌
𝜃𝜃 ⊛ 𝕀𝕀)(𝑥𝑥, 𝑦𝑦)�                                 (3) 
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where the notation ⊛ represents the convolution operation in the spatial domain.  
 
Contextual Influences for V1 Neurons. Physiological findings [20-22]illustrated that 
the region outside the CRF, which is termed as nCRF, of V1 neurons is alone unrespon-
sive to visual stimuli, but it can manifest contextual influences on the neural responses 
to stimuli within the CRF. The contextual influences perform as a modulatory process 
that allows neurons in V1 to accumulate information from relatively large parts of vis-
ual space for participating in complex perceptual tasks. Also, the majority of modula-
tory influences are inhibitory while the reminders are facilitatory. Statistical data [20] 
exhibited that around 80% of the orientation-selectivity neurons in V1 manifest the in-
hibitory effect. About 40% of these neurons show the inhibition regardless of the rela-
tive orientation between the surrounding stimuli and the optimal stimulus. Further, it 
has been indicated that the modulatory strength from the nCRF decays exponentially 
with increasing the distance from the center of the CRF [20-22]. Therefore, the intrinsic 
connections between the neurons and the region around them are distance related influ-
ences. Accordingly, we consider an isotropic modulatory behavior, in which contextual 
influences are independent of the orientation of surrounding patterns, but they take into 
account the distance to the surroundings. Then, an annular function (ℍ𝑖𝑖) that captures 
contextual influences (ℍ𝑖𝑖) for modulating V1 neurons is expressed as:  

                          ℍ𝑖𝑖(𝑥𝑥, 𝑦𝑦) = �𝐹𝐹−1 ��𝐹𝐹(𝕎𝕎) ∗  𝐹𝐹(𝜓𝜓)�(𝑥𝑥,𝑦𝑦)��
2
                             (4) 

 
                                             𝕎𝕎(𝑥𝑥, 𝑦𝑦) = ⌊𝔻𝔻𝔻𝔻𝔻𝔻 (𝑥𝑥,𝑦𝑦)⌋

‖⌊𝔻𝔻𝔻𝔻𝔻𝔻 (𝑥𝑥,𝑦𝑦)⌋‖1
                                              (5) 

 

       𝔻𝔻𝔻𝔻𝔻𝔻(𝑥𝑥,𝑦𝑦) = 1
2𝜋𝜋(𝑘𝑘𝜎𝜎𝑤𝑤)2

exp �−� 𝑥𝑥2+𝑦𝑦2

2(𝑘𝑘𝜎𝜎𝑤𝑤)2
�� − 1

2𝜋𝜋𝜎𝜎𝑤𝑤2
exp �−�𝑥𝑥

2+𝑦𝑦2

2𝜎𝜎𝑤𝑤2 ��             (6) 

where 𝐹𝐹 and 𝐹𝐹−1 represent forward and inverse discrete Fourier transforms, respec-
tively while ‖. ‖1 and ‖. ‖2 indicate 𝐿𝐿1 norm and 𝐿𝐿2 norm, respectively. ⌊. ⌋ denotes a 
truncated function that replaces negative values with zero. 𝕎𝕎(𝑥𝑥,𝑦𝑦) is a distance 
weighting function that is calculated by a 2D non-negative difference of Gaussian func-
tion 𝔻𝔻𝔻𝔻𝔻𝔻 (𝑥𝑥,𝑦𝑦) [20] with a standard deviation 𝜎𝜎𝑤𝑤=7, which is utilized to simulate the 
strengths of neuron connection in distance. The factor 𝑘𝑘 calculates the size of the nCRF 
region, and we set 𝑘𝑘 = 4 to be consistent with the neurophysiological evidence [21] 
that the extent of the nCRF is 2 to 5 times larger than that of CRF.  
 
Contrast Influence on Contextual Information. Physiological experiments [22] have 
shown that contextual influences can vary with contrast attributes. For example, the 
inhibitory strength is decreased by lowering the contrast of stimulus within CRF, but 
when increasing the contrast, the inhibition grows relatively stronger. Thus, we intro-
duce a contrastive operator (𝕊𝕊𝑖𝑖), as defined below, to control the modulatory strength 
of the nCRF so that the contextual influences are adaptively varied with contrast at each 
location.  
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                                      𝕊𝕊𝑖𝑖(𝑥𝑥, 𝑦𝑦) = 𝐶𝐶𝑙𝑙2(𝑥𝑥,𝑦𝑦)
�𝐶𝐶𝑙𝑙2+𝑆𝑆𝑑𝑑2�(𝑥𝑥,𝑦𝑦)(1−1/𝑁𝑁2)

                                        (7) 

where 𝐶𝐶𝑙𝑙 is a local range measure that returns the range value (maximum value-mini-
mum value) using a patch of 𝑁𝑁 × 𝑁𝑁 neighborhood around the pixel (𝑥𝑥,𝑦𝑦) in the re-
sponse of 𝜓𝜓. 𝑆𝑆𝑑𝑑 computes the local standard deviation of the 𝑁𝑁 × 𝑁𝑁 patch around the 
corresponding input pixel of 𝜓𝜓 response. We use 𝑁𝑁 = 5 in our implementation. 
 
Modulatory Function. The essence of the proposed modulatory model is that the re-
sponse of the elongated representation at a specific point is modulated by the response 
of the representation presented in the area outside the region of the representation in-
terest . We integrate the elongated responses with the contextual influences at each pixel 
to produce spatial coherent responses that enhance vessel structures more conspicu-
ously from their background while reducing  noise disturbances with vascular regions. 
The proposed modulatory model (𝕄𝕄) is defined as:     
 

                                                 𝕄𝕄(𝑥𝑥,𝑦𝑦) = (𝜓𝜓−𝕊𝕊𝑖𝑖.ℍ𝑖𝑖)(𝑥𝑥,𝑦𝑦)
(𝕊𝕊𝑖𝑖+ℍ𝑖𝑖)(𝑥𝑥,𝑦𝑦)+𝜖𝜖

                                         (8) 

 
where 𝜖𝜖 is a small value to avoid division by zero. When there are no spurious signals 
in the region surrounding the elongated responses, the modulatory influence from (ℍ𝑖𝑖 
and 𝕊𝕊𝑖𝑖) produces a weak response and the numerator (𝜓𝜓 − 𝕊𝕊𝑖𝑖 .ℍ𝑖𝑖) of 𝕄𝕄 becomes almost 
equal to the 𝜓𝜓. As a result, the term (ℍ𝑖𝑖 + 𝕊𝕊𝑖𝑖) in the denominator together performs a 
faciliatory process for improving the responses of 𝜓𝜓. However, the influence of (ℍ𝑖𝑖 and 
𝕊𝕊𝑖𝑖) has a strong response when containing spurious signals in the surroundings. Then, 
the (ℍ𝑖𝑖 and 𝕊𝕊𝑖𝑖) behave as an inhibitory process in both the numerator and denominator, 
which drops off the contribution of 𝜓𝜓 to almost zero response.  

3 Experimental Results 

Datasets and Metrics. The proposed method is assessed on the ROSE-1 database [2], 
which is captured from 39 participants that consist of 26 subjects with Alzheimer dis-
ease and 13 healthy controls. We perform the experiments on the superficial vascular 
complexes (SVC) dataset and the inner retinal vascular plexus that includes both SVC 
and deep vascular complexes (DVC)-termed as (SVC+ DVC) dataset. Vessel delinea-
tion results are only obtained on test set images of the ROSE-1 datasets. Also, we ex-
amine our method on OCTA500_6mm dataset (300 images) [6] using the maximum 
projection between the internal limiting membrane (ILM) layer and the outer plexiform 
layer (OPL), named as an ILM_ OPL projection map. Most of OCTA500_6mm sub-
jects (69.7%) were taken from a population with various retinal diseases such as age-
related macular degeneration, choroidal neovascularization, central serous chorioreti-
nopathy, diabetic retinopathy and retinal vein occlusion. For the used datasets, the 
pixel-level annotations of human experts are employed as the ground truths in our cal-
culations. The following metrics are used to measure the quality of the delineation re-
sults in comparison with human annotations: precision-recall curve, accuracy (𝐴𝐴𝐴𝐴𝐴𝐴), 
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false discovery rate (𝐹𝐹𝐹𝐹𝐹𝐹), geometric mean value (𝑃𝑃𝑉𝑉𝑉𝑉) of the positive predictive rate 
and the negative predictive rate.  
 
Results and Comparisons. Fig.1 illustrates some examples of vascular delineation re-
sults produced by the proposed method and their corresponding manual annotations on 
OCTA images from the ROSE-1 (SVC and SVC+ DVC) and OCTA500_6mm datasets. 
The performance of the proposed method on the used datasets is quantified using the 
precision-recall curve and compared with seven state-of-the-art vessel delineation 
benchmarks, as exhibited in Fig. 2. The benchmark approaches are robust inhibition-
augmented curvilinear operator (RUSTICO) [10], morphological bowler-hat transform 
(MBT) [15], regularized volume ratio (RVR) [13], probabilistic fractional tensor (PFT) 
[14], scale and curvature invariant ridge detector (SCIRD) [12], phase congruency 

Fig. 1. Illustrative results obtained by the proposed method on example images from ROSE1-
SVC (first row), ROSE1-(SVC+DVC) (second row), and OCTA500_6mm (ILM_ OPL) (last 
row) datasets. From left to right: original images, manual annotation results (red), and detection 
results by the proposed method (orange) respectively.   
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tensor (PCT) [11], and the second order generalized Gaussian directional derivative 
(SOGGDD) filter [19]. Table 1 reports the delineation results of all methods from the 
precision-recall curve by selecting the best threshold that returns the highest average 
𝐴𝐴𝐴𝐴𝐴𝐴 on each dataset. As shown in Fig. 2, the proposed method yields encouraging 
delineation results on the ROSE-1 and OCTA500_6mm images, validating its ability 
in extracting vascular structures from background interferences more effectively than 
the benchmark approaches. Our method outperforms all benchmarks, as reported in 
Table 1, by achieving the best results of 𝐴𝐴𝐴𝐴𝐴𝐴, 𝐹𝐹𝐹𝐹𝐹𝐹, and 𝑃𝑃𝑉𝑉𝑉𝑉 on the used datasets. Our 
delineation scores show large margins of improvement compared with benchmarks. For 
example, the proposed method attains the best scores of 𝐴𝐴𝐴𝐴𝐴𝐴=0.910, 𝑃𝑃𝑉𝑉𝑉𝑉=0.883, and 
𝐹𝐹𝐹𝐹𝐹𝐹=0.149 on ROSE-1 (SVC) dataset whilst the second-best scores obtained by 
benchmarks are 𝐴𝐴𝐴𝐴𝐴𝐴= 0.890  [12], 𝑃𝑃𝑉𝑉𝑉𝑉= 0.851[15], and 𝐹𝐹𝐹𝐹𝐹𝐹= 0.188[15]. However, 
the proposed method consumes in average a computational time 𝑇𝑇𝑠𝑠 of 2.80 seconds and 
3.86 seconds for processing an image of ROSE-1 and OCTA500_6mm datasets, 
respectively, which is longer than the benchmarks.  
 

Fig. 2. Precision-Recall curves for the performance comparison of the proposed method and the 
state-of-the-art vessel delineation benchmarks on ROSE-1 (SVC and SVC+DVC) and 
OCTA500_6mm (ILM_ OPL) datasets. 
 
 
 
 
 
 

 

Table 1. Delineation results of the proposed method compared to the state-of-the-art benchmarks 
on ROSE-1 and OCTA500_6mm (ILM_ OPL) datasets. Bold values indicate the best results.  
 
 
 
 

 

Dataset ROSE-1 (SVC) ROSE-1 (SVC+ DVC) OCTA500_6mm 
Method 𝐴𝐴𝐴𝐴𝐴𝐴 ↑ 𝑃𝑃𝑉𝑉𝑉𝑉 ↑ 𝐹𝐹𝐹𝐹𝐹𝐹 ↓  𝑇𝑇𝑠𝑠 ↓ 𝐴𝐴𝐴𝐴𝐴𝐴 ↑ 𝑃𝑃𝑉𝑉𝑉𝑉 ↑ 𝐹𝐹𝐹𝐹𝐹𝐹 ↓ 𝑇𝑇𝑠𝑠 ↓ 𝐴𝐴𝐴𝐴𝐴𝐴 ↑ 𝑃𝑃𝑉𝑉𝑉𝑉 ↑ 𝐹𝐹𝐹𝐹𝐹𝐹 ↓ 𝑇𝑇𝑠𝑠 ↓ 
Proposed  0.910 0.883 0.149 2.80 0.893 0.868 0.163 2.80 0.966 0.915 0.141 3.86 
SOGGDD [19] 0.888 0.844 0.209 2.68 0.876 0.834 0.215 2.68 0.949 0.857 0.238 3.75 
RUSTICO [10] 0.874 0.810 0.265 1.50 0.868 0.810 0.256 1.50 0.941 0.835 0.270 2.08 
PCT [11] 0.873 0.817 0.248 1.12 0.861 0.808 0.251 1.12 0.949 0.862 0.226 1.50 
SCIRD [12] 0.890 0.849 0.202 1.40 0.878 0.839 0.208 1.40 0.952 0.876 0.203 1.85 
PFT [14] 0.880 0.815 0.263 0.90 0.857 0.789 0.288 0.90 0.950 0.870 0.212 1.32 
MBT [15] 0.884 0.851 0.188 0.32 0.874 0.839 0.201 0.32 0.957 0.898 0.165 0.40 
RVR [13] 0.889 0.836 0.230 0.33 0.867 0.808 0.259 0.33 0.954 0.884 0.188 0.42 
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Performance on Challenging Cases. In Fig. 3, we investigate the delineation perfor-
mance of the proposed method and comparative benchmarks on some OCTA patch 
images that have the challenging cases of vessels and capillaries with weak continuity 
(first row), noise interferences with vessel structures (second row), and inadequate con-
trast of capillaries in a foveal avascular zone (third row). As illustrated in Fig. 3-first 
row, the proposed method attains a superior delineation performance over the bench-
marks for sustaining the spatial continuity of capillaries and vessels (red arrows) in 
resolving the disconnections in extracted vessel trees. Also, our method produces better 
results over the benchmarks in overcoming the interferences of noise that damage the 
spatial intensity of vessel structures, as shown in Fig. 3-second row (yellow arrows). 
Fig. 3-third row shows the encouraging ability of the proposed method in addressing 
the challenge of the capillaries with low visibility, which are much better extracted than 
the benchmark approaches.                        

4 Conclusion  

This paper presents a modulatory elongated model that exploits contextual modulatory 
effects presented for tuning the responses of neurons in V1. The proposed method in-
corporates the elongated responses, neuron responses, at a certain location with either 
a facilitatory or inhibitory process, contextual information, to reliably enable the delin-
eation of vasculatures in OCTA images and the suppression of background inhomoge-
neities simultaneously. The validation phase on clinically relevant OCTA images illus-
trates the effectiveness of our method in producing promising vessel delineation results. 
The proposed method not only obtains the better quantitative results over the state-of-
the-art benchmarks, but also produces an encouraging performance for retaining the 
continuity of vessels and capillaries, detecting the low-visibility capillaries, and 

Fig. 3. Delineation results in some difficult cases. From left to right: input image, the responses 
of the proposed method, SCIRD, PFT, MBT, RUSTICO, and RVR benchmarks, respectively. 
Red arrows (first row) indicate the vessels and capillaries presented with weak continuity while 
yellow arrows (second row) refer to where noise signals damage vessel features. The third row 
includes a foveal avascular zone, in which the majority of capillaries have low contrast.       
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handling spurious signals of noise and artifacts that interfere with vessel structures. 
Encouraging experimental results demonstrate the effectiveness of the proposed mod-
ulatory elongated model in improving the vessel delineation performance. Further, the 
proposed model is a non-learning approach that does not require any annotated samples 
or training procedures for performing vasculature detection. As the proposed method is 
not only responsive to the intrinsic profile of vessels, but also is sensitive to the region 
surrounding vessel structures, it can be a better alternative to the existing vessel delin-
eation approaches that depend on surroundings-unaware operators. 
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