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ABSTRACT Background and objective: The analysis of retinal vessels in fundus images is vital in the
diagnosis of retinal diseases and early diagnosis of chronic vascular diseases and diabetes. Automatic vessel
segmentation relies on costly expert annotations that may have limitations in the level of detail. We develop
an automatic method to generate highly-accurate vessel segmentation including fine-scale vessels.
Methods: We present a new framework for fine-scale vessel segmentation from fundus images through
registration and segmentation of corresponding fluorescein angiography (FA) images. We first register and
aggregate the extracted vessels highlighted from the fluorescent dye in the FA frames. This FA vessel mask
is then registered to the fundus image based on an initial fundus vessel mask. Post-processing is performed
to refine the final vessel mask. Registration of the FA frames, and registration of FA vessel mask to the
fundus image, are performed by similar coarse-to-fine hierarchical frameworks comprising both projective
and deformable registration. Two convolutional neural networks with identical network structures, both
trained on public datasets but with different configurations, are used for vessel segmentation of both the FA
frames and the fundus images.
Results: Qualitative examples support the robustness and accuracy of the proposed method. Quantitative
evaluations, including the area-under-curve (AUC) of the receiver operating characteristic (ROC) curve are
presented. Although fair comparisons cannot be made due to a lack of similar methods and adequate public
datasets, we demonstrate that the proposed method with an AUC ROC of 0.979, outperforms a state-of-theart automatic vessel segmentation method trained on publicly available datasets at 0.956.
Conclusions: The proposed method generates accurate vessel segmentation results containing filamentary
vessels that are virtually indiscernible to the naked eye in color retinal fundus images.
INDEX TERMS Fundus images, Fluorescein angiography, Multi-modal registration, Vessel segmentation

I. INTRODUCTION

cular or neurovascular diseases.

Etinal fundus images are one of the only types of medical imagery that directly observes blood vessels and
generates clear, high-resolution visualizations. They are simple, noninvasive, requires no radiation or pharmaceuticals,
and are widely available. They are used to diagnose various
retinal diseases including diabetic retinopathy, age-related
macular degeneration, epiretinal membrane, and glaucoma.
They can also be used for early diagnosis and prevention of
many chronic systemic diseases that cause vascular symptoms, including diabetes, hypertension, and other cardiovas-

Currently measures such as tortuosity are used to assess
vessels for diagnoses of these diseases [2]. Considering
that chronic diseases can damage vessels and also cause
new vessels to form [3], the highly-accurate detection and
segmentation of very fine, filamentary vessels will also aid
in measuring the extent of symptoms and help clinicians
diagnose diseases more effectively. We thus develop an automatic method that can acquire highly-accurate quantitative
measurements of vessel length and width and detect subtle
changes that may occur over monitoring periods, especially
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FIGURE 1: Qualitative comparison between (a) manual expert annotations of DRIVE [1] and (b) the results of the proposed
method with manual corrections for minor errors. Our goal is to construct a foundational dataset for achieving superhuman
accuracy in deep learning based retinal vessel segmentation.

focusing on filamentary vessels.
There has been extensive research on the problem of automatic retinal vessel segmentation, much of which is based
on supervised machine learning [4], [5]. Public retinal image
datasets such as DRIVE [1], STARE [6], CHASE_DB1 [7],
and HRF [8], which include ground truth (GT) manually
annotated by a human expert, have been vital to the research.
With the advent of deep learning methods, several methods
have been able to achieve performance comparable to the
agreement of the second expert [9]–[12], with the first expert
annotations as the GT. The accuracies of a recent automatic
vessel segmentation method [13] were 0.957, 0.976, and
0.978, which are higher than the annotations by the second
expert measured as 0.947, 0.935, and 0.956, for the DRIVE,
STARE, and CHASE_DB1 datasets, respectively.
Based on this trend, we formulate our main assumption
that expert annotations are considerably limited, as illustrated
in Fig. 1. It is difficult to measure their accuracies, except for
the correlation of multiple expert annotations. Unfortunately,
thin filamentary vessels are often less than one pixel wide
and have very low contrast with surrounding background
tissue. Our aim is to illustrate that, by constructing GT
with sufficient details, recent state-of-the-art automatic vessel
segmentation methods can learn to segment these filamentary
vessels more accurately than human annotators. Thus, in this
paper, the main contribution is a method to construct this
detailed GT vessel mask for retinal fundus images by jointly
using fluorescein angiography.
In this paper, we present a new framework for retinal vessel
extraction from fundus images through the registration and
segmentation of corresponding fluorescein angiography (FA)
images. In FA, a fluorescent dye that highlights blood vessels
is injected into the bloodstream before the imaging process.
This enables the vessels to exhibit higher contrast in the
images and be more easily delineated. However, due to the
time required for the dye to flow through the vessels from
arterioles to venules, the vessel highlights are temporally
dispersed among multiple FA frames. Consequently, we must
first align the FA frames and aggregate the per-frame segmentations to construct a detailed vessel mask. Accordingly,
alignment is performed by keypoint-based registration, and
vessel segmentation is performed using a convolutional neural network (CNN). We apply the method proposed by Noh et
al. [13], which is one of several recent works proposing CNN

structures specifically for retinal vessel segmentation [9]–
[12]. The constructed FA vessel mask is then registered to
the fundus image, after which post-processing is performed
to refine the final retinal fundus image vessel mask based on
the FA vessel mask. For the multi-modal registration of the
aggregated FA vessel mask to the fundus image, we generate
an initial vessel mask of the fundus image again using a CNN.
A visual overview of our framework is presented in Fig 2
Unfortunately, we cannot evaluate the accuracy of the
proposed method because we are rejecting the use of expert
annotations as GT. We thus settled on measuring the amount
of errors that are clearly visible by experts in the results of the
proposed method. Accordingly, we constructed a custom interface including vessel region overlay, zoom, and viewpoint
navigation to assist in the examinations of erroneous regions.
Errors such as false-positive filamentary vessel branches or
false vessel discontinuities were annotated by two different
experts. Quantitative and qualitative evaluations of these errors suggest that the proposed method generates accurate and
detailed vessel region masks that include many fine vessels.
The main contributions can be summarized as follows:
•

•

•

Novel multi-modal registration framework of fundus images and FA. We present a novel framework
comprising registration for both the aggregation of FA
frames and the registration of the FA and fundus image.
It is fully automatic with the possible exception of
relevant frame selection of the FA.
Expansion of the frontier of retinal vessel segmentation. The proposed framework incorporates the latest
machine learning techniques to achieve highly-precise
and accurate vessel segmentation maps for fundus images based on the registered FA. We believe our method
is the first that can delineate filamentary vessels that are
virtually invisible to experts. The output can be used
as training data to improve existing supervised learning
methods for automatic vessel segmentation.
Development of a clinically-useful method with high
potential for diagnostic applications. The proposed
framework can be used as a tool to measure vascular
degeneration (by detecting subtle changes in the segmented vessel masks) and develop and provide measurements of fine-scale vascular structures.
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FIGURE 2: Visual overview of the proposed framework.

II. PREVIOUS WORKS

Several works explicitly targeting the segmentation of filamentary vessels have been proposed. The works by Gu
et al. [14] and Chalakkal et al. [15] present methods for
filamentary structure segmentation which is then evaluated
on DRIVE and STARE. However, neither work questions the
validity of the expert annotations given in the datasets. Thus,
the extreme filamentary structures that may have been missed
by experts are not considered. To the best of our knowledge,
there has not been any work that questions expert annotations
for retinal vessel segmentation.
There have been many works on the registration of retinal
images. Anatomical landmarks in the retina including the
vessels and optic disc have complex shapes and often have inconsistent local appearances. Thus, most methods for retinal
image registration use feature extraction. Some methods use
general pixel-wise features computed as mathematical functions. In the methods of Nunes et al. [16] and Dreo et al.[17],
a morphological intensity gradient is used to filter representative regions such as vessel boundaries. Most methods, however, use specific feature points as landmarks for registration.
The bifurcation and crossing points, or junctions, of vessels
are the most commonly-used landmark feature points. The
methods proposed by Can et al. [18], for small overlapping
regions in wide field of view images, and Stewart et al. [19],
for images taken at considerably different times, are representative examples; however, the vessel regions must be

accurately determined to enable consistent localization of
junction points. This can be difficult in FA frames where
fluorescein highlights change due to blood flow. Thus, in the
method by Chen et al. [20], Harris corner points are used as
features instead. In the method proposed by Perez-Rovira et
al. [21], the junction-based results are refined by expanding
the matches to include full vessel information. Shin et al. [22]
describe a similar two-step matching approach for coronary
vessels that move considerably.
Because their can be significant change in appearance
among the registration image pairs, features that are more
invariant to this change must be considered. This is especially
important for multimodal methods for registration of fundus
images and FA. An early method for retinal images was
developed to provide an augmented reality environment for
precise identification of treatment borders [23]. The method
uses a template search based on the optimization of a Hausdorff distance of edge detection results. In the work of
Laliberte et al. [24], bifurcation points are explicitly localized
as control points and used for similarity, affine, or deformable
registration of FA and fundus images.
To improve robustness toward noise, low image quality,
or pathologies, other works focused on determining more
invariant landmarks or feature points. In the work of Matsopoulos et al. [25], the matches for features of a source
image are searched in the target image, rather than matching independently-detected features in both images. Tsai et
3
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al. [26] present another successive keypoint matching strategy by iteratively expanding local matching points based on
the initial matches with high scores. Other works have tested
various combinations of feature detectors, descriptors, and
matching strategies, such as the partial intensity invariant feature descriptor (PIIFD) proposed by Chen et al. [27], the lowdimensional step pattern analysis (LoSPA) proposed by Lee
et al. [28], and the framework of Wang et al. [29] combining
SURF keypoints, PIIFD, and robust point matching. More
recent methods have incorporated further components, such
as sequential rigid and non-rigid registration [30] and pixelwise vessel enhancement masks [31].
The proposed method is a novel combination of several of
these registration techniques, and each component is tailored
to a given task. For FA frames, we apply keypoint detection directly on image appearance because there is minimal
viewpoint change but a considerable change in the appearance of the regions of conventional vessel junction features.
For registration of FA and fundus images, we specifically
leverage recent state-of-the-art vessel segmentation methods
based on a CNN [13]. Using this CNN, we can generate much
more accurate vessel segmentation maps compared to more
traditional methods [13], resulting in superior features, which
may eventually lead to improvements in registration.
III. METHODS

The proposed method can be compartmentalized into three
subprocesses: (1) registration of FA frames and their vessel
extraction, (2) multi-modal registration of aggregated FA
vessels to the fundus image, and (3) post-processing for fine
refinement of the vessel mask. We describe the details of each
subprocess in the following subsections.
A. REGISTRATION AND VESSEL EXTRACTION OF FA
FRAMES

FA is achieved by taking photographs of the retina after intravenous injection of a fluorescein dye. The dye appears in the
optic nerve usually within 8-12 seconds after the injection.
The retinal circulation often appears several seconds later.
The filling of the retinal arteries, arterioles and capillaries –
the early arteriovenous phase– is followed by the dye filling
the veins in a laminar pattern –late arteriovenous phase
or laminar venous phase. Maximal fluorescence –the peak
phase– occurs approximately 30 seconds after injection [32].
Photographs of the retina are taken repeatedly at varying
times during this process. Due to the circulation of the dye,
the overall appearance of the photos at different times (the
FA frames) varies considerably.
Because the main objective is to extract a map of vessels,
including the very fine filamentary vessels, we aim to aggregate all vessels from all FA frames in a combined registered
frame. The changes in appearance may hinder methods based
on feature matching in the pixel domain [20]. It is reasonable
to extract the vessel map first, and then perform registration
based on the normalized map, as has been proposed in previous methods [17], [21]. However, vessels are generally small

in area, with extremely repetitive structures, being more
vulnerable to the aperture problem when attempting to apply
local matching. Moreover, the errors of vessel extraction
might adversely affect the registration. Thus, we propose a
three-step hierarchical process, combining coarse perspective
registration in the pixel domain and fine deformable registration in the vessel map domain. This ensures robustness
against appearance changes in the frames and their vessels.
A visual overview of the process is illustrated in Fig. 3. This
process is iteratively performed for all adjacent frame pairs
with the initial frame as the reference frame. Our method is
robust to the choice of this reference due to a minimal change
in the viewpoint of the FA frames.
1) Projective Registration of FA Frames Using Keypoint
Matching

In the first step, feature point matching is performed in the
pixel domain. The problems with feature point matching
have been extensively researched and many methods have
been proposed [33]. We compare three different methods
–Scale Invariant Feature Transform (SIFT) [34], Speeded
Up Robust Features (SURF) [35], and Accelerated KAZE
(A-KAZE) [36]– to empirically determine the method most
suitable for the given FA frames.
In SIFT, feature points are defined as the local maxima
in the difference of multi-scale Gaussian filtered images
and their descriptors are defined as histograms of oriented
gradients of the local appearance [34]. In SURF, an approximation of the Hessian of Gaussians via box filters is
used to define feature points, and the descriptor is defined
based on responses to Haar-wavelet features. For A-KAZE
features [36], fast explicit nonlinear diffusion, rather than
Gaussian filtering, is applied to construct the scale space
in which features are defined based on the determinants of
Hessians, and the descriptor is defined using modified local
difference binary (M-LDB) descriptors.
We used the implementations in OpenCV [37] for all
three methods to compare their performance on the given
FA frames. We use random sample consensus (RANSAC)
with the perspective transform matrix [38] when matching
the keypoints. The source image is registered to the target
image using the transform matrix determined by the keypoint
matches. Furthermore, we empirically set parameters for
each method to ensure optimal performance for each method.
This method is not particularly sensitive to these parameters
as long as a sufficient number of keypoints are detected.
Optimal performance refers to a balance between detected
keypoints and computation time.
We sampled 309 frame pairs from 38 FA sequences as a
simple testbed to measure the ratio of match success to failure
for each method to determine which is optimal for use in
our framework. We classified match success and failure by
manual inspection of the projective registration results. The
match rates were 96.2%, 99.7%, and 76.6% for SIFT, SURF,
and A-KAZE, respectively. We also measured average computation time as 1.141, 0.947, and 0.754 seconds for SIFT,
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Feature point matching using SURF and RANSAC
FA sequence

Rigid registration by perspective transform

Probabilistic vessel maps from
CNN with transfer learning

Non-rigid registration with b-spline transform
based on vessel maps

Registration result for original FA frames

FIGURE 3: Visual overview of the process for registration of a pair of FA frames. The process comprises (top) projective
registration by keypoint matching, (bottom-left) vessel extraction using a CNN with transfer learning, and (bottom-middle)
non-rigid registration using thin-plate spline deformation. This process is successively performed for all adjacent frame pairs
with the initial frame as the anchor frame. This figure is best viewed in color, due to color tinting of the resulting checkerboard
for improved delineation of overlaid frames.
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FIGURE 4: Comparison of keypoint matching methods (a) SIFT [34], (b) SURF [35], and (c) A-KAZE [36] features for
projective registration of FA frames. Top and bottom rows illustrate the results of two pairs of FA frames.

SURF, and A-KAZE, respectively. Based on these results we
used the SURF method for subsequent experimental results
presented in this paper due to its robustness to various image
configurations and efficient computational complexity.
We describe several qualitative examples of the detected
and matched feature points for two pairs of adjacent FA
frames in Fig 4. For the pair in the top row, which has
minimal viewpoint and appearance change, all three methods
demonstrate robust performance: in contrast, for the pair
in the lower row, the results from A-KAZE demonstrates
significantly fewer keypoint matches, which ultimately re-

sults in overall misalignment in the perspective transform,
whereas both SIFT and SURF exhibited relatively robust
performance.
2) Vessel Probability Map Extraction of FA frames using
CNN

Some misalignment is highly likely when using only projective registration, due to changes in viewpoint, radial distortion of the camera, and other causes. We thus apply
deformable registration to further refine the results. Because
the overall appearance of the FA frames changes consider5
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(a) Input FA frame

(b) SSANet trained on
DRIVE

(c) SSANet trained on
HRF

(d) SSANet trained on
DRIVE+HRF

(e) SSANet trained on
results of proposed method

FIGURE 5: Comparison of extracted probabilistic vessel maps from a recent CNN for retinal vessel extraction, the
SSANet [13], trained on different publicly available datasets. The (a) input FA frame and corresponding vessel maps trained
using (b) only DRIVE [1], (c) only HRF [8], (d) combined DRIVE and HRF, and (e) the results of the proposed method. The
results of (e) serve as a reference.

ably, deformable registration based on the full appearance
may produce artifacts. Thus, we extract vessel probability
maps as the second step between perspective and deformable
alignment.
Accordingly, the accurate generation of vessel maps is
critical for ensuring effective registration. We leverage recent
developments in deep learning for retinal vessel segmentation
by using a state-of-the-art CNN –the retinal SSANet [13].
Because no training data are available for supervised learning
of the FA frames, we use public datasets comprising fundus
images and expert-annotated GT vessel maps. To account
for the differences in image characteristics in training, we
convert the fundus images of the public datasets to greyscale
and invert the intensity. We also resize the images to match
the FA resolution. When training is complete, we can use the
trained network for feedforward inference on the FA frames
to generate the pixel-wise vessel probability maps.
We can use any of the aforementioned datasets,
DRIVE [1], STARE [6], CHASE_DB1 [7], or HRF [8] as
training sets. In Fig. 5, we illustrate a comparison between
the probabilistic vessel maps of the input image of (a) by the
SSANet trained on (b) only the DRIVE dataset, (c) only the
HRF dataset, and (d) the combination of DRIVE and HRF.
The results of (b) are generally thicker with lacking details
in the thin vessels. In contrast, the vessels of (c) are too thin
and sparse, missing some connections between vessels. The
results of (d) using both datasets seem to overcome most
of the limitations depicted in (b) and (c). We provide in (e)
the results obtained by self-training using the results of the
proposed method as the training set, which is described in
Section IV-B. Although the results of (d) are still somewhat
thick and may contain more false positives compared to those
in (e), our assessment is that this is the optimal result that
can be achieved using only public datasets. We thus use
the superset of DRIVE and HRF as the training set in our
experiments.

3) Deformable Registration of FA Frames Based on Vessel
Maps

Given the vessel probability maps, we then perform pixelwise deformable registration. We assume a b-spline transform model with similarity measured as normalized crosscorrelation and optimization with the gradient-based LBFGS-B [39] algorithm. We use the implementation provided by the SimpleITK library [40], [41].
The resulting aligned vessel maps are the final results for
the FA registration process. We apply this process iteratively
to align the vessel maps of all FA frames. We designate the
initial frame as the anchor frame and perform registration
between adjacent frames. After all vessel maps of the frames
are registered, we aggregate the vessel maps as the maximum
probability for each registered pixel.
B. REGISTRATION OF FA AND FUNDUS IMAGE

Because the results of the FA registration is provided as
an aggregated probabilistic vessel map, we generate a similar map for the fundus image. Then, registration can be
performed between the two vessel maps. This also enables
us to circumvent the problem of the difference in image
characteristics between the different image modalities. A
visual summary of the framework is illustrated in Fig. 6
It is more straightforward to generate vessel maps for
the fundus images. We again train a retinal SSANet [13].
Because the results from training on both HRF and DRIVE
produced similar results, we only used HRF images without any preprocessing for efficiency. The vessel maps are
generated from the inference of this network. Based on the
vessel maps, we perform coarse similarity registration using
chamfer matching [42], followed by fine deformable registration. For chamfer matching, we first assign the binarized
fundus image and FA vessel masks as the source and target
shapes. We then find the global displacement vector and
the rotation angle (within a ±5◦ range) that minimizes the
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Top: FA vessel map
Vessel map from CNN
Bottom: fundus image with transfer learning

Coarse rigid registration of FA and fundus
image using chamfer matching

Fine non-rigid registration of FA and
fundus image using b-spline transform

Registration result of FA frame and
fundus image

FIGURE 6: The registration framework for the aggregated FA vessel mask and fundus image.

sum of distances between each point on the source shape
and the target shape by brute force search on the distance
transform (DT) of the target shape. We use the inverse of the
obtained transform to align the FA map to the fundus image.
For non-rigid registration, we use the same specifics as in
subsection III-A.
C. POST-PROCESSING

We aim to generate an accurate binary vessel mask of the
fundus image, from the aligned probabilistic vessel map
of the FA. The post-processing comprises binarization and
refinement. A visual summary is illustrated in Fig. 7.
To avoid discontinuities that may occur at the filamentary
vessels from simple thresholding, we apply hysteresis thresholding for binarization. Pixels with probabilities greater than
a higher threshold τh are used as seeds for region-growing
pixels with probability greater than a lower threshold τl .
Accordingly, we empirically set τh = 0.75 and τl = 0.1.
Furthermore, we refine the vessel mask to align the vessel
boundaries to the image gradients in the fundus image. We
utilize the Frangi filter [43], in an inverted manner with sigma
values 1–3, to detect the valleys between vessels and the outer
boundaries, and then erode these regions.
IV. EXPERIMENTAL RESULTS
A. DATASET AND EXPERIMENTAL ENVIRONMENT

Our dataset, which we denote as the SNUBH Fundus-FA
dataset, comprises 300 cases of FA and fundus image pairs
from 223 patients [44], [45]. They were acquired using
Canon CF60Uvi, Kowa VX-10, and Kowa VX-10a cameras.
The number of FA frames was on average 7.14, from a minimum of 2 to a maximum of 24. Image resolutions originally
varying from 1604×1216 to 2144×1424 were all normalized
to 1536 × 1024. While the field of view slightly differed
for different cameras, they were all in the range of 40–45
degrees.
Computation times for the FA registration per frame pair,
FA-fundus registration, and post-processing averaged 57, 28,
and 3 seconds, respectively, running on a 2.2 GHz Intel Xeon
CPU and an Nvidia Titan V GPU. Most of the computation
was associated with feature point matching (more than 40
of the 57 seconds), and non-rigid registration required 15–
16 seconds, on average. OpenCV [37] was used for feature
point matching and SimpleITK [41] was used for non-rigid
registration.

B. SELF-TRAINING

As previously described, we trained the SSANet [13] on
public datasets HRF [8] and DRIVE [1] and used it within
our framework. Images in these datasets may have different
characteristics with the given test dataset SNUBH FundusFA. After we obtain vessel maps for the SNUBH FundusFA dataset using our framework, we use them to re-train the
SSANet. We re-train the SSANet with the fundus images and
initial vessel maps obtained by the proposed framework with
the SSANet as trained on HRF and DRIVE. All training options are kept identical. This additional training process can
be viewed as self-training because we are using the results of
the framework to re-train itself. The aforementioned expert
annotated error corrections are not used in this process. Fig. 8
illustrates a comparison between the results of the proposed
method before self-training –when using DRIVE and HRF
to train the SSANet for extracting FA and fundus image
vessels– and after self-training.
C. QUALITATIVE EVALUATION

Fig. 9 illustrates the qualitative results of six sample cases.
We provide the vessel segmentation results generated by a
CNN –the SSANet [13] trained on the HRF [8] dataset– as a
reference point for comparison. Although we are aware that
this comparison maybe unfair, we were unable to establish an
alternative comparative reference. Many filamentary vessels
are visible in the fundus images, but only with a close visual
inspection. Fig. 10 illustrates a particular example of this
case.
Fig. 11 illustrates a qualitative comparison of vessel extraction results on the HRF [8] test set by (c,g) an SSANet
trained on the HRF training set and (d,h) an SSANet trained
on our SNUBH-F+FA dataset with GT generated based
on the proposed method. Based on close inspection of the
zoomed patches from the input image using histogram equalization, as depicted in (i), we believe that it is highly likely
that there are filamentary vessels that were missed by the
expert annotated GT, as depicted in (f). The results in (h),
obtained by training an SSANet using the results of the
proposed method, identifies these regions as vessels.
D. QUANTITATIVE EVALUATION

As previously described, we obtain the errors, by manual
annotation from two different experts, in the results of the
7

VOLUME 4, 2016

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2020.2984372, IEEE Access
Noh et al.: Multimodal Registration for Fine-Scale Vessel Segmentation

Probabilistic vessel map

Binarized vessel mask using
hysteresis thresholding

Valley detection using the
Frangi filter

After erosion of valleys

FIGURE 7: The post-processing framework comprising binarization and refinement.
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FIGURE 8: Comparison of the results of the proposed method before and after self-training.

proposed method with self-training. The first expert is a
board-certified ophthalmologist with over ten years of experience (the second author) and the second expert is a researcher
and technician in the same ophthalmology department with
more than three years of experience (the first author). We
assign the error corrected vessel segmentation masks by the
first expert as the GT for quantitative evaluation. The duration
for annotation of the errors required, on average, under 150
seconds per image for both experts.
In the final row, we present the quantitative comparison
of the error corrections of the second expert to the first. The
high agreement level of the experts supports the accuracy of
the expert annotated errors. An example of the differences
between the two annotators is depicted in Fig. 12. These examples illustrate that the inconsistencies are from omissions
from the annotators due to the highly complex segmentation
region structures.
In Table 1, we present a comparative evaluation of the
results of the proposed method on the SNUBH Fundus+FA
(F+FA) dataset with the aforementioned SSANet [13] trained
with different public training datasets including DRIVE [1],
STARE [6], CHASE_DB1 [7], and HRF [8]. The networks
were trained on the resolution of the images in each dataset,
and the fundus images of our FA-fundus image set were
resized accordingly and provided as input images. Measures
were computed based on the aforementioned GT. Direct
comparisons between the measurements of the proposed
method and those of SSANets trained on public datasets
do not directly represent the improvements of the proposed
method compared to the expert annotations of the public
datasets. Nonetheless, there is a considerable difference in
the measurements.
We also present the results after self-training denoted as
Proposed+ST. As described in Sec. IV-B, the initial results
of all 300 images are used to re-train the component SSANet.

The refined results are considerably improved.
We can contextualize these differences more effectively
with a converse approach for evaluation by using the results of the proposed method for training and measuring the
performance using the public datasets as test datasets. The
results of this evaluation are presented in Table 2, along with
results when using the corresponding datasets for training.
We hypothesize that the differences in the sensitivity values
are evidence of the usefulness of the proposed method and the
generated vessel masks. The differences in sensitivity, also
known as recall, between SSANets trained on public datasets
and the proposed method range from a minimum of 0.171
to a maximum of 0.201, as presented in Table 1. In contrast,
the differences between sensitivity values are much lower,
ranging from a minimum of 0.032 for the HRF test dataset to
a maximum of 0.117 for the DRIVE test dataset, as presented
in Table 2. It is probable that this is because the fine details
have been accurately generated and that correctly annotated
fine details in the training set help the SSANet to extract
fine details during testing. Conversely, inconsistencies of the
expert annotations of the public datasets reduce the extracted
fine details at test time based on the results in Table 1.
V. DISCUSSION

We present a new method to generate fine-scale vessel segmentation masks for retinal fundus images by registration
with FA. The obtained results contain a considerable number
of filamentary vessels that are virtually indiscernible to the
naked eye with only the color retinal fundus image. We
believe that these results conversely present the limitations
of expert annotations as GT, which is the standard of all
public datasets previously released. Nonetheless, because the
proposed method may still contain errors, expert annotation
is still required to designate data as GT.
For future research, we plan to establish more effective
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FIGURE 9: Qualitative results. Six sample cases are depicted in a 3 × 2 formation, with (top) the original image, (middle) the
results of the proposed method, and (bottom) vessel segmentation results of the SSANet [13] trained on the public HRF [8]9
dataset. Left and right columns illustrate the images in full and zoomed resolutions, respectively.
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Fundus image

Original color

Grayscale

Histogram equalized

Proposed method

SSANet trained on HRF

FIGURE 10: Example illustrating the visibility of filamentary vessels in the fundus images.

(a) Sample HRF db image

(e) HRF image zoomed

(b) Ground truth (GT)

(f) GT

(c) SSANet trained on HRF GT (d) SSANet trained on SNUBH-F+FA GT

(g) SSANet trained on
HRF GT

(h) SSANet trained on
SNUBH-F+FA GT

(i) Histogram equalized

FIGURE 11: Qualitative comparison of vessel extraction results on the HRF [8] test set. (a) The original image and (b) its GT
expert annotations. Vessel extraction results by an SSANet (c) trained on the HRF training set and (d) trained on our SNUBHF+FA dataset with GT generated based on the proposed method. (e,f) Zoomed portions of (a,b). (g,h) Zoomed portions of (c,d).
(i) Results from applying histogram equalization to (e).

quantitative evaluations for the proposed method. We are
aware of the biases of the GT toward the proposed method in
our current quantitative evaluations. Unfortunately, methods
that learn to estimate accuracy from existing GT, such as that
proposed by Galdran et al. [46], are inapplicable because they
rely on existing expert annotations.
Furthermore, we plan to construct a new dataset for
filamentary vessels that can be used for improving deep
learning-based methods for retinal vessel segmentation. Our
ultimate aim is to construct a dataset to serve as the foundation for achieving superhuman accuracy. Although we use
FA to construct the GT for this dataset, our intention is to use
the generated GT for supervised learning of a vessel segmentation method with only fundus images as inputs. We plan
to apply the resulting trained vessel segmentation method
to quantify vessel structures longitudinally, and hopefully
establish vessel assessment criteria for early diagnosis and
estimation of prognosis of chronic vascular diseases based
on retinal fundus images alone.
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