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Abstract. For retinal image matching (RIM), we propose SuperRetina,
the first end-to-end method with jointly trainable keypoint detector and
descriptor. SuperRetina is trained in a novel semi-supervised manner.
A small set of (nearly 100) images are incompletely labeled and used to
supervise the network to detect keypoints on the vascular tree. To attack
the incompleteness of manual labeling, we propose Progressive Keypoint
Expansion to enrich the keypoint labels at each training epoch. By uti-
lizing a keypoint-based improved triplet loss as its description loss, Su-
perRetina produces highly discriminative descriptors at full input image
size. Extensive experiments on multiple real-world datasets justify the
viability of SuperRetina. Even with manual labeling replaced by auto
labeling and thus making the training process fully manual-annotation
free, SuperRetina compares favorably against a number of strong base-
lines for two RIM tasks, i.e. image registration and identity verification.
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1 Introduction

This paper is targeted at retinal image matching (RIM), which is to match color
fundus photographs based on their visual content. Matching criteria are task de-
pendent. As the retinal vasculature is known be unique, stable across ages and
naturally anti-counterfeiting [28], retinal images are used for high-security iden-
tity verification [19]. In this context, two retinal images are considered matched
if they were taken from the same eye. RIM is also crucial for retinal image regis-
tration, which is to geometrically align two or more images taken from different
regions of the same retina (at different periods). Aligned images can be used
for wide-field imaging [4], precise cross-session assessment of retinal condition
progress [3], and accurate laser treatment on the retina [31]. RIM is thus a
valuable topic in computer vision.

Developing a generic method for RIM is nontrivial. Due to varied factors in
fundus photography such as illumination condition, abnormal retinal changes
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Fig. 1: Retinal image matching by di erent methods. Keypoints corre-
sponding to geometrically valid/invalid matches are shown in green/red dots.
The first three rows are positive pairs, i.e. retinal images taken from the eye.
More green dots and fewer red dots on the positive pairs indicate better match-
ing. For the negative pair, fewer green is better. Best viewed on screen.

and natural motions of the fixating eye, retinal images of the same eye may vary
significantly in terms of their visual appearance. Common lesions in diabetic
retinopathy such as microaneurysm and intraretinal hemorrhage appear as dark
dots, while cotton-wool spots look like white blobs [34]. The classical SIFT de-
tector [17], which finds corners and blobs in a scale-invariant manner, tends to
respond around the lesions and the boundary between the circular foreground
and the dark background, see Fig. 1. SIFT keypoints detected at these areas
lack both repeatability and reliability.

Recently, GLAMpoints [31] is proposed as a trainable detector for RIM.
GLAMpoints learns to detect keypoints in a self-supervised manner, exploiting
known spatial correspondence between a specific image and its geometric trans-
formation produced by a controlled homography®. Such full self-supervision has
a downside of having many detections on non-vascular areas that are adverse to
high-resolution image registration, see Fig. 1. The non-vascular areas are also
unreliable for identity verification. As GLAMPoints is a detector, an external
descriptor, e.g. rootSIFT [3], is needed. To the best of our knowledge, RIM with
jointly trainable keypoint detector and descriptor is non-existing.

We depart from SuperPoint [7], a pivotal work on natural image matching
with end-to-end keypoint detection and description. SuperPoint is a deep net-
work with one encoder followed by two independent decoders. Given a h  w
gray-image input, SuperPoint first uses the encoder to generate a down-sized fea-

ture map of % s 128. With the feature map as a common input, one decoder
produces a full-sized keypoint detection map, while the other decoder produces

256-dimensional descriptor per pixel on a % § image. Despite its encouraging

performance on natural image matching, directly applying SuperPoint for RIM is

5 As fundus images depict small area of retina, it is justified to apply the planar as-
sumption in generating homographies [, 31].
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problematic due to the following issues. First, in order to optimize its descriptor,
SuperPoint has to compute hinge losses between all pixels, resulting in a com-
plexity of O((w h)?) for both computation and memory footprint. Such a high
complexity significantly limits the input image size, in particular for training,
making SuperPoint suboptimal for high-resolution retinal image registration.
Second, the description loss is computed without taking the detected keypoints
into account, making the learned descriptors less discriminative for disentangling
genuine pairs from impostors for identity verification. Lastly, while the loss is
computed on the % § 256 descriptor tensor, the tensor has be upsampled
toh w 256 to provide descriptors for keypoints detected at the original size.
Such an inherent discrepancy between descriptors used in the training and the
inference stages affects the performance, see our ablation study. More recent ad-
vances such as R2D2 [21] and NCNet [23] have similar or other issues, as we will
discuss in Section 2, motivating us to develop a novel method for RIM.

We propose SuperRetina, a semi-Supervised deep learning method for joint
detection and description of keypoints for Retinal image matching. In contrast
to [7,21,31] which limit themselves to fully self-supervised (without using any
manual annotation), we opt to initialize the training procedure with a relatively
small set of (nearly 100) images, sparsely labeled to make the labelling cost well
affordable. Such small-scale, incomplete yet precise supervision lets SuperRetina
quickly focus on specific vascular points such as crossover and bifurcation that
are more stable and repeatable. To overcome the incompleteness of manual la-
beling, we propose Progressive Keypoint Expansion (PKE) to enrich the labeled
set at each training epoch. This allows SuperRetina to detect keypoints at pre-
viously untouched areas of the vascular tree. Moreover, we modify the network
architecture of SuperPoint to directly produce a full-sized descriptor tensor of
h w 256, see Fig. 2b. Consequently, our description loss is a keypoint-based
improved triplet loss, which not only leads to highly discriminative descriptors
but also has a quadratic complexity w.r.t. the number of detected keypoints. As
this number is much smaller than h  w, SuperRetina allows a larger input for
training. Hence, SuperRetina detects keypoints that are spread over the image
plane and at the same time on the vascular tree, making it versatile for multiple
RIM tasks. In sum, our contributions are as follows:

We propose SuperRetina, the first end-to-end method for RIM with jointly
trainable keypoint detector and descriptor.

We propose PKE to address the incompleteness of manual labeling in semi-
supervised learning. To enlarge the input size for both training and inference
and for highly discriminative descriptors, we re-purpose and adapt a triplet loss
as our keypoint-based description loss.

Extensive experiments on two RIM tasks, i.e. retinal image registration and
retina-based identity verification, show the superior performance of SuperRetina
against the previous methods including three dedicated to RIM, i.e. PBO [19],
REMEP [8] and GLAMpoints [31], and four generic, i.e. SuperPoint [7], R2D2
[21], SuperGlue [25] and NCNet [23]. Code is available at GitHub®.

5 https://github.com/ruc-aimec-lab/SuperRetina
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2 Related Work

Progress on Retinal Image Matching. Previous works on RIM are tailored

to a specific task, let it be single-modal [3, 31] or multi-modal [I, 15, 33] im-
age registration, or identity verification [2,14,19]. For retinal image registration,
LoSPA [1] and DeepSPA as its deep learning variant [15] focus on describing im-

age patches by step pattern analysis (SPA), with keypoints found by detecting
intersection points. Designed for feature matching between multi-modal retinal
images of the same eye, the SPA descriptor lacks discrimination in revealing
eye identity. GLAMpoints [31] is trained in a labeling-free manner by exploiting
spatial correspondences between a given image and its geometric transforma-
tions. However, such full self-supervision tends to detect many keypoints on
non-vascular areas. REMPE [8] first finds many candidate points by vessel bi-
furcation detection and the SIFT detector [17], and then performs point pattern
matching (PPM) based on eye modelling and camera pose estimation to iden-
tify geometrically valid matches. The PPM algorithm involves expensive online
optimization, requiring over three minutes to complete a registration, and thus
putting its practical use into question.

For identity verification, existing works focus on detecting a few landmarks
on the vascular tree, mainly crossover and bifurcation points known to be unique
and stable across persons and ages [2, 14, 19]. With the detected landmarks as
input, PPM is then performed. PBO [19] improves PPM by considering princi-
pal bifurcation orientations. BGM [14] formulates the retinal vasculature as a
spatial graph and consequently implements PPM by graph matching. Aleem et
al. [2] enhance point patterns of a given image based on spatial relationships
between the landmarks, and then vectorize the patterns to a matching tem-
plate. The number of keypoints required for identity verification is much less
than that for image registration. Probably due to this reason, we see no attempt
to re-purpose an identity verification method for image registration. In short,
while there are few separated efforts on trainable detector (GLAMpoints) and
descriptor (DeepSPA) for RIM, a joint effort remains missing.

Progress on Natural Image Matching. In contrast to RIM, a number of
end-to-end methods exist for natural image matching, including SuperPoint [7],
R2D2 [21], SuperGlue [25], NCNet [23], LoFTR [29], COTR, [10], PDC-Net [32],
etc. As the newly developed methods focus on natural scenes where detecting
repeatable keypoints is difficult due to the lack of repetitive texture patterns, we
notice a new trend of keypoint-free image matching. R2D2 softens the notion of
keypoint detection by producing two probalistic maps to measure the reliabil-
ity and the repeatability per pixel. In NCNet, all pairwise feature matches are
computed, resulting in a quadratic complexity w.r.t. the number of pixels. As a
consequence, the feature map used for matching has to be substantially down-
sized to make the computation affordable. LoF TR improves over SuperGlue with
transformers to exploit self-/inter- correlations among the dense-positioned local
features. These dense features are powerful for finding correspondences in low-
texture areas, desirable for scene image matching. However, this will produce
many unwanted matches in non-vasuclar areas when matching retinal images.
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3 Proposed Method

SuperRetina is a deep neural network that takes as input a (gray-scaleh w

retinal image |, detects and describes keypoints in the given image with high
repeatability and reliability in a single forward pass. We describe the network
architecture in Section 3.1, followed by the proposed training algorithms in Sec-
tion 3.2. The use of SuperRetina for RIM is given in Section 3.3.

3.1 Network Architecture

We adapt the SuperPoint network. Conceptually, our network consists of an
encoder to extract down-sized feature maps= from the given imagel. The
feature map is then fed in parallel into two decoders, one for keypoint detection
and the other for keypoint description, which we term Det-Decoder and Des-
Decoder, respectively. The Det-Decoder generates a full-sized probabilistic map
P, where P;; indicates the probability of a speci c pixel being a keypoint, i =

whereD;; denotes ad-dimensional descriptor. Note that in the inference stage,

Non-Maximum Suppression (NMS) is applied onP to obtain a binary mask b
as the nal detection result. We formalize the above process as follows:

F Encoder(l);

P Det-Decoder(F); 1
D Des-DecoderF); @
B NMS(P):

w /AW 00

As illustrated in Fig. 2b, we modify both Det-Decoder and Des-Decoder for RIM.
U-Net as Det-Decoder . E ectively capturing low-level patterns such as
crossover and bifurcation on the vascular tree is crucial for detecting retinal
keypoints in a reliable and repeatable manner. We therefore opt to use U-Net
[24], originally developed for biomedical image segmentation with its novel design
of re-using varied levels of features from the encoder in the decoder by skip
connections. In order to support high-resolution input, our encoder is relatively
shallow, with a conv layer to generate low-level full-sized feature maps, followed
by three conv blocks, each consisting of two conv layers, 2 2 max pooling and
ReLU. Consequently, the high-level feature mapd= have a size of% 5 128
In order to recover full-sized feature maps, our Det-Decoder uses three conv
blocks, each having two conv layers, followed by bilinear upsampling ReLU
and concatenation to merge the corresponding feature maps from the encoder.
Lastly, a conv. block consisting of three conv. layers and one sigmoid activation
is applied on the full-sized feature maps to produce the detection mag.
Full-sized Des-Decoder . Dierent from SuperPoint which computes its

description loss on a down-sized tensor og % d, we target optimizing the

” We use bilinear upsampling, as transposed convolutions originally used by U-Net are
computationally more expensive, and introduce unwanted checkerboard artifact [13].
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descriptors on the full size ofh  w, where each pixel is associated with al-
dimensional descriptor. Naturally, such dense results are obtained by interpola-
tion, meaning gradient correlation between each keypoint and its neighborhood
during backpropagation. Enlarging the neighborhood enhances the correlation,
and is thus helpful for training with a larger receptive eld [5]. In that regard, our
Des-Decoder rst downsizesF to more compact feature maps of% 16 d.and
then uses an upsampling block (using transposed conv) to generate the full-sized

descriptor tensorD of h  w d. All the descriptors are |,-normalized.

Our network adaption may seem to be conceptually trivial. Note that produc-
ing a full-sized descriptor tensor is computationally prohibitive for a pixel-based
description loss as used in SuperPoint and NCNet. A keypoint-based description
loss is needed. Nonetheless, keypoint-based training is nontrivial, as inadequate
annotations will make the network quickly converge to a local, suboptimal solu-
tion. However, having many training images adequately labeled is known to be
expensive. To tackle the practical challenge, we develop a semi-supervised train-
ing algorithm that works with a small amount of incompletely labeled images.

(a) Training with PKE (b) Network architecture

(c) Double-matching strategy (d) Newly added keypoints S; (red dots)

Fig.2: Proposed SuperRetina . Green/orange markers in (c) indicate gen-
uine/fake keypoints. Blue/red dots in (d) indicate the initial keypoints (auto-
detected by PBO [19]) / iteratively detected keypoints for training.
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