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Abstract—Segmentation of the Optic Disc (OD) and Optic
Cup (OC) on fundus images is vital for glaucoma diagnosis.
Deep learning has been utilized to automate this
segmentation task. However, it typically requires a large
number of labeled images. To address this issue, we propose
Dual Metric Learning for OD and OC Segmentation
(DMLOS), which requires only a few images with some of
their pixels labeled. It consists of a neural network for
embedding extraction, followed by dual branches to obtain
prototypes and predictions. The Omni Training algorithm is
used to improve data utilization and use a diverse number of
shots. Meanwhile, DeepLabv3+ and miniUNet are the neural
network used. We extensively evaluated DMLOS on the
DRISHTI-GS, REFUGE, and RIM-ONE r3 datasets using
various numbers of shots and label densities. Using 15 shots
with 0.1 grid density, DMLOS achieved an Intersection over
Union of 92.56% for OD and 73.08% for OC on DRISHTI-
GS, surpassing other less-supervised methods. The results
demonstrate the potential of DMLOS as an effective
approach in low-label scenarios.

Keywords—few-shot, weakly-supervised, prototypes, sparse
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I. INTRODUCTION

Glaucoma is the second leading cause of blindness
worldwide [1]. Early diagnosis is essential to prevent the
damage from worsening [2, 3]. Diagnosis usually involves
segmenting parts of the retinal fundus images, namely the
Optic Disc (OD) and Optic Cup (OC) [2, 4, 5]. However,
it is often complicated, slow, and expensive when done
manually [2—4, 6].

Several studies have used deep learning for automatic
OD and OC segmentation [3, 6, 7]. While they achieve
high accuracy, common deep learning methods require a
large number of images with dense labels, where each
pixel in the image is labeled [2, 3, 6, 7]. For OD and OC
segmentation, a fundus image requires dense labeling by
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experts for approximately 2 min [8], and deep learning
requires hundreds of such images. Thus, preparing
numerous densely labeled fundus images is costly and
time-consuming [2, 6].

While there are large public datasets, common deep
learning methods perform poorly on new datasets with a
different distribution from their training data [9—11].
Variability in the distribution of fundus image datasets is
unavoidable due to the use of diverse imaging
equipment [12]. Therefore, utilizing large public datasets
to train common deep learning models is insufficient.

To address the issue of expensive fully labeled data,
there are various approaches to adapt deep learning for
limited labeled data. In many of these approaches, there
are target data, the limited labeled data that are dealt with,
and source data, the more easily obtained labeled data [13].
The ideal approach in the medical field can utilize target
data with limited labels while still achieving satisfactory
performance. In addition, it should be lightweight and
resource-efficient [14] to be used in low-resource medical
facilities [15, 16].

Transfer Learning (TL) is the simplest approach [17],
but it is ineffective when the target dataset is too limited or
too different from the source dataset [18, 19]. Few-Shot
Segmentation (FSS) is an alternative to TL that can utilize
a few labeled target images, but the labels should be dense.
Meanwhile, Weakly-Supervised Segmentation (WSS) can
utilize weak labels, but it requires a large number of
labeled images. Another approach is Unsupervised
Domain Adaptation (UDA), but it requires full retraining
each time the target datasets are changed [10].

In addition to these approaches, a promising approach
called Few-shot Weakly-supervised Segmentation (FWS)
has emerged. As the name suggests, FWS combines FSS
and WSS. Therefore, FWS can utilize a few sparsely
labeled target images [20]. Both UDA and FWS usually
train a model on public datasets, but after adaptation using
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limited labeled images, the model can perform well on new
target datasets with a different distribution [10, 20].
Compared with UDA, FWS does not require full retraining
when the target datasets are changed [20].

Despite its potential, only a few studies have performed
few-shot weakly-supervised OD and OC segmentation on
fundus images [21, 22].

The main objective of this study is to develop a metric-
based FWS method for few-shot weakly-supervised OD
and OC segmentation on fundus images. We refer to it as
Dual Metric Learning for OD and OC Segmentation
(DMLOS). The metric approach involves generating class
prototypes from the support data and then comparing them
with the query images via metric functions [23]. The
metric approach was chosen because it is the most
commonly used approach for FSS [23] and is used in some
FWS studies [24-27]. It is also lighter and more efficient
for low domain shift cases [20]. The contributions of this
study include the following:

e Development of a novel dual metric learning method
for FWS,;

One of the first studies to perform FWS on retinal
fundus images;

Comprehensive evaluations across multiple datasets,
variants, numbers of shots, and sparse label types.

II. LITERATURE REVIEW

A. OD and OC Segmentation for Glaucoma Diagnosis

There are multiple techniques for glaucoma
diagnosis [1, 3]. Fundus imaging is an easy, non-invasive,
and useful technique [3]. Various parts of the retina can be
analyzed from a fundus image [3]. Fig. 1 presents an
example of a fundus image from the DRISHTI-GS
dataset [28].
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Fig. 1. Sample of fundus image with highlighted Optic Cup (yellow)
and Optic Disc (green).

The two essential parts for diagnosing glaucoma are OD
and OC. As presented in Fig. 1, OD is the yellowish part
of the retina where blood vessels and neurons converge,
while OC is the brighter part in the center of the OD [29].

Various analyses can be performed based on the size
and shape of OD and OC. The measurement of the Cup-
to-Disc Ratio (CDR), the ratio between OC and OD sizes,
has become a widely used analysis [2, 4, 5, 30]. In
glaucoma cases, the OC is larger than it should be,
sometimes even almost covering the entire OD [29-31].
Thus, glaucoma cases have higher CDR. Measurement of
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CDR requires OD and OC segmentation [2, 4, 5, 30]. This
segmentation is often complicated, slow, and expensive if
performed manually by eye specialists [2—4, 6].

B.  Deep Learning with Limited Data for OD and OC
Segmentation

This section discusses various approaches and studies
using deep learning with limited data for OD and OC
segmentation. Each approach has its own limitations, and
FWS is a promising alternative to address these
limitations. However, we learned from various approaches
to adopt suitable techniques in our FWS method.

TL trains the model on the source data, then fine-tunes
it on the target data [5]. It is simple and effective when the
target data have sufficient labeled images. However,
studies using TL for OD and OC segmentation required
hundreds of labeled target images [5, 30]. TL also loses its
effectiveness when the target dataset is very different from
the source [18, 19]. Moreover, our previous experiment
demonstrated that TL using natural image datasets such as
ImageNet [32] is not very helpful for medical image
segmentation. Therefore, we did not use TL in this study.

FSS does not require numerous labeled target images,
but the labels should be dense. Therefore, the annotator
only needs to focus on a few images. Two studies have
used FSS for OD and OC segmentation. OSAM-Fundus
utilized both DINOv2 and Segment Anything Model
(SAM) to perform training-free one-shot
segmentation [33]. Another study is a Prototype-based
Feature Mapping Network (PFMNet) that involves
extracting prototypes from features, transforming the
prototypes, and comparing the prototypes with other
features to obtain predictions. Our study adopted the idea
of a training-free network in OSAM-Fundus and a
prototype-based network similar to PFMNet. Compared
with these FSS studies, our study used weak labels rather
than costly dense labels.

Instead of utilizing a few images with dense labels,
WSS utilizes weak labels but with numerous images.
Therefore, the annotation effort is medium as in FSS.
There are multiple types of weak labels used in WSS, but
the most common ones in OD and OC segmentation are
bounding boxes [34, 35] and image-level classes [35, 36].
One weak label type that is less common but promising for
OD and OC segmentation is sparse labels, where only a
few pixels are labeled. These sparse labels can be of
various types, such as points [37, 38] and
scribbles [37-39]. Compared with other weak labels,
sparse labels achieved the closest performance to dense
labels [40]. Therefore, we utilized a few images labeled
with points, scribbles, and other sparse label types.

Surprisingly, one approach that is common for OD and
OC segmentation is UDA. Although it does not require any
labels on the target data, it requires labeled source images
and full retraining when the target data change [10]. The
retraining requires both the source and target
datasets [41, 42]. Therefore, UDA is suitable when the
computational cost is much lower than the annotation cost.
Usually, UDA  involves  adversarial learning
techniques [10, 43—48] with segmentor and discriminator
networks. Some studies have also utilized image
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synthesis [43, 44], consistency loss [45, 48], and mean
teacher networks [45, 47]. Due to the need for retraining
and the complex architecture, we did not utilize UDA.
However, we used the same dataset utilization as many
UDA methods to compare the results.

C. Few-Shot Weakly-Supervised Segmentation Methods

Although only a few FWS studies that perform OD and
OC segmentation, multiple studies are performing FWS,
ranging from the earliest to the latest: Prototype Alignment
Network (PANet) [26], Weakly-supervised Segmentation
Learning (WeaSeL) [49], Base and Meta (BAM) [50],
Holistic Prototype Activation (HPA) [51], ProtoSeg [24],
Pseudo-labeling Texture Segmentation (PTS) [25], and
Adversarial Mining Transformer (AMFormer) [27].

PANet [26] is one of the earliest and most popular FSS
methods, but it is designed for natural images. PANet
introduced Prototype Alignment Regularization (PAR)
between the support and query [26]. BAM [50] and
HPA [51] outperform PANet on natural images, but they
require a model that is pre-trained on large datasets. There
is also AMFormer [27], a recent FSS method that does not
require pre-trained models but does require a complex
multi-stage adversarial training. PTS [25] also utilized
multi-stage training and has been evaluated on fundus
images, but the task is blood vessel segmentation, and its
performance on this task is suboptimal.

These methods are designed for FSS, but one of their
evaluations involves FWS. They are designed for natural
images and have not been evaluated on medical cases. The
only exception is PTS [25] which is designed for
microstructure  images and achieves suboptimal
performance on medical images. In addition, each of them
requires either models that are pre-trained on large
datasets [26, 50, 51] or multi-stage training [25, 27]. The
former is less suitable for medical images due to the lack
of large datasets, whereas the latter is challenging and
resource-consuming. Therefore, these methods are not
suitable for medical cases, despite the good performance
in others.

A few studies have developed FWS methods for
medical images, such as WeaSeL [49] and ProtoSeg [24].
WeaSeL utilizes double gradient optimization, which is
computationally expensive [20]. Meanwhile, ProtoSeg
extracted prototypes and utilized them to obtain
predictions using a metric function [24]. Both have been
evaluated on multiple types of medical images, but are
limited to binary segmentation on grayscale images.

Compared with the existing methods, our method is
lighter, does not require pre-trained models or multi-stage
training, and is able to handle multiclass segmentation on
multichannel images. Therefore, our method is more
suitable for medical images. The method is also designed
for FWS and extensively evaluated on fundus images.

In previous studies, we have performed FWS on OD and
OC segmentation by adapting WeaSeL and ProtoSeg for
multiclass segmentation on multichannel images [21, 22].
We also evaluated multiple training strategies. In this
study, we developed a novel and better FWS method by
incorporating insights from previous FWS methods.
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Previous studies suggest that in cases with low domain
shift, as in this case, metric methods like ProtoSeg are
more suitable [20, 22]. However, the prototypical network
in ProtoSeg is prone to an inconsistent learned embedding
space, which can lead to poor generalization. To address
this, we designed the dual metric learning based on the idea
of PAR in PANet [26], which is another metric method.
Both PANet and ProtoSeg [24, 26] employ a lightweight
metric approach suitable for our study. In addition to the
dual metric learning, we developed a training algorithm
based on the results of our preliminary study [21].

III. MATERIALS AND METHODS

A. Datasets

We used three datasets: DRISHTI-GS [28],
REFUGE [52], and RIM-ONE r3 [53]. We selected them
because previous studies with limited labeled data also
used them [10, 34, 43-48].

Table I presents the information on the datasets used in
this study. Each dataset has a different camera, field of
view, resolution, and distribution of glaucoma and normal
classes. Note that we treated the REFUGE train and the
REFUGE validation + test as different datasets. To avoid
data leakage, we performed splitting before other
processing. REFUGE train is used for training, while
REFUGE validation, DRISHTI-GS train, and RIM-ONE
r3 train are used for validation. The final test used
REFUGE test, DRISHTI-GS test, and RIM-ONE r3 test.

For each dataset, cropping was applied to the fundus
images and their corresponding labels to focus on the OD
area. In addition, all images are resized to 256 x 256 for
easier processing by the model.

TABLE 1. ACQUISITION DETAILS AND CLASS DISTRIBUTION OF THE

USED DATASETS
Acquisition Class
Dataset N

Camera FOV  Resolution G N
REF train ~ Zeiss Visucam 500 - 2124x2056 40 360
REF val + test Canon CR-2 - 1634x1634 80 720
DGS - 30°  2896x1944 70 31
RO3 Kowa WX 3D 34°  2144x1424 74 85

Note: FOV: Field of View, G: Glaucoma, N: Normal, REF: REFUGE,
val: validation, DGS: DRISHTI-GS, RO3: RIM-ONE r3

All datasets have numerous images with dense OD and
OC segmentation labels. However, we transformed them
to simulate datasets with a few sparsely labeled images.
The transformation involves simulation of various sparse
labels and batch preparation with diverse numbers of shots.
The variability makes the model more robust and allows
us to analyze the recommended configuration for tuning.
This transformation is done during the training and is
discussed further in the next sections.

B.  Sparse Label Simulation

We simulated various types of sparse labels from their
corresponding dense labels to perform comprehensive
evaluations across multiple types of sparse labels. With the
comprehensive evaluations, the most recommended sparse
label type can be found.
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There are five sparse label types in this study, similar to
those by Gama et al. [24], but with improvements. The
main improvement is the adaptation for multiclass labels.
In addition, since annotators are unlikely to annotate just a
single pixel per point, we improved the points and grid so
that their point size can be larger and more realistic. Each
sparse label has a density parameter representing the
number of labeled pixels. Fig. 2 presents the simulated
sparse labels with various density values.

13 points 25 points 37 points 50 points

n

25% 50% 75% 100%

Dense

Points

Grid Contours

Regions

Skeleton

Fig. 2. Simulated sparse labels and their original dense label. The four
classes: background (teal blue), Optic Disc (green), Optic Cup (yellow),
and unannotated (purple).

1) Points

Points are a natural way for humans to indicate
objects [38] and have been commonly used as weak
labels. Because of its simplicity and popularity, we utilized
points in this study. The label is simulated by selecting n,,
random pixels from the dense label. The number of points
n, is the density parameter of this label.

To allow a larger point size, the original dense label is
downscaled, and then the obtained sparse label is upscaled.
Then, morphological dilation is applied for enhancement.

2)  Contours

This label simulates drawing scribbles on the inner and
outer parts of objects. Scribbles are a user-friendly
alternative to other weak labels [40]. They are useful for
cases with a single connected object [24], as in this study.
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We simulated it by eroding the objects, followed by
finding the contours of the eroded objects with a marching
squares algorithm. Subsequently, some p. percentage of
the contours is randomly selected as the sparse label. This
resembles annotators who only draw some lines, rather
than the entire contour. Therefore, the p, is the density
parameter of this sparse label. Finally, to allow a larger line
width, the sparse label is dilated.

3) Grid

The grid label represents the annotation of some points
provided in a grid pattern. We utilized this label because it
has been proven to be highly reliable in another study [24].

Initially, a grid is created, where each point is separated
by a certain number of pixels. All points in the grid are
included as the initial sparse label.

To simulate the variable density, rounded binary blobs
are generated to cover py percentage of the sparse label.
The final sparse label includes only the points covered by
the blobs. This resembles annotators who only mark some
parts of the image. Therefore, p, is the density parameter
of this sparse label.

For a larger point size, this label takes the same
approach as the points label. Downscaling is performed
before grid creation, while upscaling is conducted after the
initial sparse label is generated.

4) Regions

This label simulates annotators assigning a class to a
few pre-generated superpixels or regions. It is utilized
because it can cover many pixels and achieve accurate
predictions with simple and quick annotations [24].

The regions are generated using the Simple Linear
Iterative Clustering (SLIC) algorithm [54]. SLIC is chosen
because it has computational and performance advantages
over other algorithms [55]. After the generation, regions
that cover multiple classes are discarded. To simulate the
variable density, as in the grid label, blobs covering p,
percentage of the label are utilized.

5) Skeleton

The skeleton represents drawing scribbles on the center
parts of objects. We simulated both the skeleton and
contours to assess the effectiveness of scribbles on both the
edges and the center parts of objects, respectively.

The skeleton is simulated by applying a skeletonization
algorithm to the dense label. Then, the sparse label is
dilated to increase the line width, as in the contours label.
Blobs are also utilized to simulate the variable density by
covering p, percentage of the label.

C. FWS Formulation

We formulated the source and target datasets in FWS
based on the definition of FWS by Gama et al. [24, 49].

A source dataset § comprises pairs (x,y) where x €
RHXWXL s an image with dimensions H X W and L
channels. Meanwhile, y € R¥*" is a dense label whose
pixel has a value ¢ € {1,2, ..., C}, which is the class label.
The source dataset § is split into support $°¥? and query
sy,

The target dataset T is also split into support 75*? and
query 797, The support T75*P is also composed of pairs
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(xS¥P,ps¥P), but y € RF*W is a sparse label instead of a
dense label. In addition, the query 79 is only composed
of unlabeled images, where each image is represented as
%Y € RHXWXL.

During training, the algorithm uses the source dataset §
to optimize the parameters 6 of a neural network @ .
Meanwhile, during inference, it uses x?> and 7°*? of the
target dataset to obtain the prediction 9.

D. Omni Training Algorithm

We trained the DMLOS using our algorithm called
Omni Training, which improves data utilization and uses a
diverse number of shots during training. This involves
transforming the source dataset § into a new dataset F. As
mentioned, the transformation involves batch preparation.
The support batches are sampled with diverse sample sizes
while the query ones are sampled with a fixed sample size.
The sampling is performed randomly without replacement
to ensure that all data are used equally. We also ensured
that no leakage exists between the support and query
batches by doing the splitting before the batch preparation.
Thus, with Omni Training, the data are optimally used, and
the model can learn from various numbers of shots.

Algorithm 1 presents the Omni Training algorithm that
runs for n,, epochs. Initially, the parameters are initialized
and the dataset § is transformed into a new dataset F. A
configuration F determines how the transformation is
performed, including the possible number of shots and
sparse label density values. Each epoch then iterates over
the dataset F where each iteration takes four batches:
support images X*“P | support sparse labels Y57, query
images X9, and query dense labels Y9"Y. The dual metric
learning algorithm then processes the four batches and
returns the loss £. The gradient of the loss £ is then used
to update the parameters via an optimizer algorithm opt().

Algorithm 1. Omni Training
Require: 8, nep, F
Initialize 6
Transform S into F based on F
Fore = 1ton,y, do
For XSUP,YS¥P XAy y47y in F do
Run Dual Metric Learning on XS¥P, YSUP, X4y Y 4™y to
get L
Update 8 < 6 — opt(VgL)
End For
End For

E.  Dual Metric Learning Algorithm

This algorithm is the core of the DMLOS. It dictates
how the model @ is trained using the images and labels
from the support and query sets. In addition to the four
batches, the algorithm takes a regularization parameter A
to balance the contribution of the losses. The algorithm
starts by extracting the embeddings of support ES*? and
query E97Y with depth M via a neural network @:

E = Y (X) (1)

Then, the support embeddings ES*? and the support
sparse labels Y%P are used to calculate the class prototypes
P, for each class c:
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BN ko

In Eq. (2), B is the batch size, N = H X N is the number
of pixels in the image, and © is the element-wise
multiplication. Meanwhile, N, is an array with B elements,
where each element stores the number of annotated pixels
for a class ¢ in one image from the batch.

After calculating the class prototypes, the query
embeddings are compared with them using the Euclidean
distance d(-). Softmax is then applied to obtain the class
probabilities p,:

exp(—d(E/,Pe)
»E exp(-d(E/,P)

j=

c 3)

Next, the Support-to-Query (S2Q) loss Lgyo is
calculated using the class probabilities p. and the query
labels Y9V

L==3N%Y/ log(p)) )

The query predictions ¥/ can be obtained by selecting
the class with the highest probability:
Y/ =arg max pl (5)
After all of that, the processes for obtaining the class
prototypes, class probabilities, and segmentation loss are
then performed once again. However, the roles of the
support and query sets are switched. Instead of support
sparse labels, the query predictions are used to calculate
the class prototypes. Similarly, instead of query dense
labels, the support sparse labels are used to calculate the
Query-to-Support (Q2S) loss L,,s. Finally, the two losses
are added with A controlling the contribution of L;5.
Algorithm 2 summarizes the complete steps of the
proposed DMLOS. Additionally, we present Fig. 3 to
illustrate the algorithm. Both support-to-query and query-
to-support branches obtain class prototypes, predictions,
and segmentation losses. Both branches work together so
that the model learns embeddings that align the support
and query prototypes, similar to the PAR in PANet [26].

Algorithm 2. Dual Metric Learning

Require: XSUP, YSUP, X ary yary

Embeddings Extraction
Extract ES¥P from XS"P using (1)
Extract E9Y from X9 using (1)

Support-to-Query Branch
Calculate P for each ¢ from (ES¥P, YS¥P) using (2)
Calculate p!™ for each ¢ from (E97Y, P>*P) using (3)
Calculate L, from (Y97, pI™) using (4)
Predict Y97 from p™” using (5)

Query-to-Support Branch
Calculate P™ for each ¢ from (E9Y,Y9Y) using (2)
Calculate p;*? for each ¢ from (ES*P, P1") using (3)
Calculate Ly, from (Y57, pi*") using (4)

Combine Losses
Calculate L = Lg;9 + ALgzs

Return Ly
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Fig. 3. [llustration of the proposed DMLOS, support & query images with
labels (underlined) serve as input while two loss calculations (bold) are
the final process.

Regarding the neural network @, it can be any image
segmentation model. However, instead of returning the
final segmentation predictions, the model returns the
embeddings. In this study, we evaluated two types of
models. The first one is a miniUNet as used by Gama et al.
in WeaSeL and ProtoSeg [24, 49]. The second model is
DeepLabv3+ [56], one of the best-performing models for
semantic segmentation. For DeepLabv3+, we evaluated
multiple backbones to determine the best one:
ResNet50 [57], MobileNetV2 [58], and HRNetv2 [59].
They represent popular, lightweight, and high-resolution
backbones, respectively.

In addition, we evaluated the DMLOS with and without
the Q2S branch. This is crucial in determining whether the
Q2S branch is beneficial.

F. Training and Evaluation Procedures

Similar to standard deep learning, our experiments
involve train, validation, and test splits. Each split is
divided into support and query. Table II presents the
detailed parameters of the support in each split. The
parameters are part of the configuration F for transforming
the original dataset S into a new dataset F.

TABLE II. DETAILED PARAMETERS OF SUPPORT IN THE TRAIN,
VALIDATION, AND TEST SPLITS

Parameters Train Validation Test
. REF val, DGS REF test, DGS test, RO3
Dataset REF train train, RO3 train test
Mode mix combine full combine
Shots (1,20) [5,10,15] [1,5,10,15,20]
Point Density (5, 50) [13,25,37] [1, 13,25, 37, 50]
Other Density (0.1, 1.0) [0.25,0.5,0.75] [0.1,0.25,0.5,0.75, 1.0]
Note: REF: REFUGE, val: validation, DGS: DRISHTI-GS,

RO3: RIM-ONE r3
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In Table II, the parentheses “()” represent a range with
low and high limits. Meanwhile, the square brackets “[]”
represent value options.

We used DRISHTI-GS, REFUGE, and RIM-ONE 13,
with commonly used train, validation, and test splits. The
train split utilizes the “mix” mode that randomly selects
the number of shots and the density value. Meanwhile, the
“combine” mode used in the validation split generates all
possible combinations of the number of shots, sparse label
types, and density values. The test split utilizes the “full
combine” mode, which is similar to the “combine” mode,
but all combinations are evaluated for every query image.

All models were trained using the Adam optimizer [60]
with a step scheduler and cross-entropy loss. The primary
metric is Intersection over Union (IoU) due to its low bias
and popularity [61]. In addition to IoU, we also used a
boundary-based metric. This is because boundary errors
can affect the CDR measurement, and IoU alone is
insufficient to capture such errors. In other words, it is
theoretically possible to have a good IoU despite high
boundary errors.

In OD and OC segmentation, we focus more on contour
or shape than on individual points or outliers. Following
the Metrics Reloaded guideline, we found that the Mean
Average Surface Distance (MASD) is the most suitable
boundary-based metric due to its focus on the contour [62].
Other popular metrics, such as the Hausdorff distance and
Boundary IoU, do not respect the contour [62].

IoU and MASD are complementary as they utilize two
fundamentally different perspectives: area and boundary.
We calculated both metrics using the Metrics Reloaded
implementation [62]. The metrics were calculated
separately for OD and OC, as in other studies [5, 18].

We performed hyperparameter tuning using Tree-
structured Parzen Estimator (TPE) [63] and Hyperband
pruner [64] with the objective of maximizing the
validation IoU. TPE is effective for deep learning tasks
with limited resources and high-dimensional search
spaces [65] while Hyperband is the best pruner for TPE.

The tuned values include learning rate, betas and weight
decay of the optimizer, gamma of the scheduler,
embedding depth M, and regularization parameter 1. After
tuning, the best model is evaluated on the test set.

We implemented the proposed method and performed
the experiments using PyTorch [66] and PyTorch
Lightning [67]. NumPy [68] and scikit-image [69] were
used to simulate the sparse labels. Our code is available at
https://github.com/pandegaabyan/few-shot-weakly-seg

IV. RESULTS AND DISCUSSION

A. Performance of DMLOS Variants

This section discusses the performance of the four
DMLOS variants, which are combinations of the
miniUNet or DeepLabv3+ models, with or without Q2S.
The chosen backbone for DeepLabv3+ is ResNet, as it
achieved better tuning scores than other backbones. For
each variant, multiple evaluations were conducted on
images from the three datasets with varying numbers of
shots, sparse label types, and density values.
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Optic Disc loU (%)

DRISHTI-GS REFUGE RIM-ONE-3

Variant

Optic Cup loU (%)

DRISHTI-GS

REFUGE RIM-ONE-3

M miniUNet w/o Q2S M DeepLabv3+ w/o Q2S M miniUNet w/ Q2S M DeeplLabv3+ w/ Q2S

Fig. 4. Intersection over Union (IoU) scores of Optic Disc (left) and Optic Cup (right) segmentation on various variants and datasets averaged across.
Higher scores are better.

Optic Disc MASD (pixels)

DRISHTI-GS REFUGE RIM-ONE-3

Variant

Optic Cup MASD (pixels)

DRISHTI-GS

REFUGE RIM-ONE-3

M miniUNet w/o Q2S W DeepLabv3+ w/o Q2S M miniUNet w/ Q2S M DeeplLabv3+ w/ Q2S

Fig. 5. Mean Average Surface Distance (MASD) scores of Optic Disc (left) and Optic Cup (right) segmentation on various variants and datasets
averaged across. Lower scores are better.

Fig. 4 presents the IoU scores of the four variants, while
Fig. 5 presents their MASD scores. Generally, IoU and
MASD scores are consistent, with higher IoUs correlated
with lower MASD scores.

OD consistently achieved higher IoU scores and lower
MASD scores than OC. This is because OC is harder to
segment than OD. All variants performed worse on RIM-
ONE 13 than the other datasets. As will be shown in
Section IV.C, other studies have the same finding,
suggesting that RIM-ONE 13 is the most difficult dataset.

DeepLabv3+and Q2S are beneficial for addressing hard
segmentation cases. Variants with DeepLabv3+ generally
achieved higher OC IoUs and lower OC MASD:s,
especially on the RIM-ONE r3 dataset. A similar trend also
emerges when comparing variants with and without Q2S,
although it is less obvious. However, this trend is not
observed in the easier OD segmentation. The added

complexities likely improved the performance by focusing
on hard cases at the cost of a slight decline in easy cases.

Surprisingly, simpler variants often achieved better
scores on the REFUGE dataset. DMLOS with miniUNet
without Q2S achieved the best scores on the REFUGE
dataset, although it obtained the worst scores on other
datasets. This is possibly because the REFUGE test dataset
is more similar to the train split than other test datasets.
The simpler variants focus on the similar dataset instead of
becoming generalized.

In addition to the comparison of scores shown in Figs. 4
and 5, we also performed hypothesis tests to compare the
mean IoU and mean MASD scores of some pairs of
variants. In this case, the mean IoU and mean MASD are
averages of OD and OC IoUs and MASDs, respectively.

We used Wilcoxon tests since the data are not normally
distributed. Tables III and IV present the p-values of the
mean [oU and mean MASD tests, respectively.

TABLE III. P-VALUES OF WILCOXON SIGNED-RANK TESTS COMPARING MEAN IOU SCORES OF VARIANTS

. . Dataset .
Alternative Hypothesis on IoU DRISHTI-GS _ REFUGE RIM-ONE 13 Conclusion
DeepLabv3+ w/ Q2S > DeepLabv3+ w/o Q2S ~0.0 1.0 ~0.0 - Q28 improves
miniUNet w/ Q2S > miniUNet w/o Q2S ~0.0 1.0 ~0.0 performance
DeepLabv3+ w/ Q2S > miniUNet w/ Q2S 0.9933 1.0 ~0.0 -> DeepLabv3+ is
DeepLabv3+ w/o Q2S > miniUNet w/o Q2S ~0.0 1.0 ~0.0 better than miniUNet

Note: IoU: Intersection over Union, Q2S: Query-to-Support branch
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TABLE IV. P-VALUES OF WILCOXON RANK-SUM TESTS COMPARING MEAN MASD SCORES OF VARIANTS

. . Dataset .
Alternative Hypothesis on MASD DRISHTI-GS _ REFUGE RIM-ONE 13 Conclusion
DeepLabv3+ w/ Q2S < DeepLabv3+ w/o Q2S ~0.0 ~0.0 ~0.0 - Q28 improves
miniUNet w/ Q2S < miniUNet w/o Q2S ~0.0 1.0 ~0.0 performance
DeepLabv3+ w/ Q2S < miniUNet w/ Q2S 0.57481 ~0.0 ~0.0 - DeepLabv3+is
DeepLabv3+ w/o Q2S < miniUNet w/o Q2S ~0.0 1.0 ~0.0 better than miniUNet

Note: MASD: Mean Average Surface Distance, Q2S: Query-to-Support branch

Note that variants with Q2S consistently achieved
significantly better performance, except in the REFUGE
dataset. In the hard segmentation cases, variants with
DeepLabv3+ performed significantly better than those
with miniUNet. Otherwise, using the lightweight
miniUNet is preferred. These findings are consistent with
our previous discussions.

B.  Effects of Shots and Sparse Labels

Fig. 6 presents the mean IoU scores of the best variant
on various numbers of shots and sparse labels. The number
of points is divided by 50 to match the other ranges of

1 shot 5 shots

Mean loU (%)

66- T T T

10 shots

density values. The error area represents the 95%
confidence interval. As expected, higher shots generally
resulted in better performance.

Density values play a larger role in a single shot, but
have little effect on higher shots. This is because the
available information is minimal in a single shot. Thus,
additional information from higher density can
significantly improve the performance of the proposed
method. On higher shots, the available information is
already sufficient. Thus, additional information does not
significantly improve performance.

15 shots 20 shots

08 10 02 0. 6 08 10 02

02 04 06 04 06
Sparse Label Type
® point contour grid @ region skeleton

0.4

0‘.6 0‘.8 1.0 02 04 O‘.6 0‘.8 1.d 02 04 06 0‘.8 1.d

Density Values

Fig. 6. Mean Intersection over Union (IoU) scores of DeepLabv3+ w/ Q2S variant on various numbers of shots and sparse labels.

Note that the contours label is the worst, followed by the
skeleton label, whereas the other three labels achieved a
similar good performance. The contours and skeleton
labels performed worse, possibly because they captured
less diversity. The former only captures the outer parts of
the objects, whereas the latter only captures the inner parts.
Points and grids can capture more diversity because they
can be anywhere, but they require more effort to annotate.
Meanwhile, the region label can cover more pixels, and the
annotation only requires picking from predefined areas.

Based on this discussion, the region label is the most
recommended sparse label due to its good performance
and relatively low annotation effort.

Regarding the number of shots, while more shots lead
to better performance, using five shots is recommended in
cases where annotation is expensive. It is comparable to
using larger shots, yet much better than using a single shot.

C. Comparison with Related Methods

Table V compares our results with those of related
studies. For both miniUNet and DeepLabv3+ variants, we
selected one low-shot and one high-shot configuration that
achieved high IoU scores.
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Most of the studies that utilized the same datasets and
performed the same tasks as ours were UDA studies. Few
FSS, WSS, or FWS studies perform OD and OC
segmentation with the same datasets.

Generally, our DMLOS achieved scores comparable to
those of the UDA methods and even outperformed the non-
UDA methods.

Although a few UDA methods achieved higher scores,
they usually required a heavier backbone. Meanwhile, our
DMLOS achieved comparable performance despite using
only a miniUNet with fewer than two million parameters.
Our DMLOS also does not require any retraining when the
target datasets are changed. It only requires extracting
prototypes from a few labeled images, which can be done
in approximately a tenth of a second.

Compared with WSS and FSS, our DMLOS achieved
better performance, although only a limited number of
scores were available for comparison. Note that using only
five images labeled with a 0.50 grid density, our DMLOS
with miniUNet outperformed the WSS methods, which
utilized numerous class or bounding box labels, and the
FSS methods, which employed 10 densely labeled images.
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TABLE V. COMPARISON OF I0U SCORES (%) OF THE BEST DMLOS VARIANTS IN THIS STUDY WITH THOSE OF RELATED STUDIES

DRISHTI-GS REFUGE RIM-ONE r3
Method Approach Params

oD ocC oD ocC oD oC
CFEA [70] UDA - 79.78 70.52 88.96 75.86 60.08 46.53
pOSAL [10] UDA 58 M 91.42 72.30 90.83 78.31 76.75 62.59
SIFA [71] UDA 433 M 83.04 57.29 85.69 69.57 74.67 52.84

WGAN [46] UDA - 91.20 72.40 - - - -
IOSUDA [44] UDA 42.8M 89.53 65.56 91.04 71.03 83.26 60.07
CADA [47] UDA 9.7M 80.18 72.41 90.44 77.21 62.13 47.10
SCUDA [72] UDA - 90.34 66.61 - - 84.89 61.65

HyNet (class labels) [36] WSS 53 M 91.09 - - - - -

GrabCut + UNet (bounding box) [34] WSS - 86.37 - - - - -
OSAM-Fundus (5 shots) [33] FSS 308 M 91.11 63.41 84.96 61.23 70.42 52.50
OSAM-Fundus (10 shots) [33] FSS 308 M 91.13 66.31 85.20 62.88 70.97 53.99

MERU (10 shots) [73] FSS - - - 83.92 61.47 - -
WeaSeL (20 shots, 0.50 grid) [49] FWS 1.9M 65.95 17.35 71.40 29.33 61.08 21.00
ProtoSeg (15 shots, 50 points) [24] FWS 1.9M 87.44 68.01 81.29 55.58 82.70 49.71
DMLOS-U (5 shots, 0.50 grid) FWS 1.9M 92.82 71.27 86.51 65.64 81.92 46.87
DMLOS-DL3 (5 shots, 0.75 grid) FWS 39.6 M 88.57 76.08 84.89 64.05 78.27 59.60
DMLOS-U (15 shots, 0.10 grid) FWS 1.9M 92.56 73.08 86.46 65.50 81,94 46.52
DMLOS-DL3 (20 shots, 0.75 region) FWS 39.6 M 88.61 75.10 84.99 65.85 78.04 60.64

Note: IoU: Intersection over Union, Params: number of parameters of the backbone, OD: Optic Disc, OC: Optic Cup, UDA: Unsupervised Domain
Adaptation, WSS: Weakly-Supervised Segmentation, FSS: Few-Shot Segmentation, FWS: Few-shot Weakly-supervised Segmentation,

-U: miniUNet, -DL3: DeepLabv3+

Although our preliminary study [21] performed FWS on
fundus images, the source and target datasets are different.
Thus, we cannot compare its results with those of this
study. As an alternative, we have implemented WeaSeL
and ProtoSeg, then evaluated them with the same dataset
utilization as ours. Their configurations, presented in
Table V, are those with the highest IoU scores. Our
DMLOS outperformed both WeaSeL and ProtoSeg in
almost all cases, even when using a lower number of shots.

D. Limitations

This study is still in the prototype or validation stage.
Although we have validated the superiority of our method
on a crucial medical task with established datasets, the
scope of the exploration remains limited. Before applying
the method in a real-world setting, more controlled
evaluations should be performed on various cases.

There are other medical tasks and datasets with different
characteristics. Such tasks may benefit from FWS using
our dual metric learning method. Similarly, in addition to
DeepLabv3+, other modern models are available. Next
studies can explore the method using other modern models
on other medical tasks and datasets.

All datasets used in this study are public datasets, which
may not represent the challenges of real-world clinical
datasets. Moreover, although we strived to generate
realistic sparse labels, they may not accurately represent
labels from human annotators. Next studies can evaluate
the dual metric learning method on other cases with
available real-world clinical datasets or sparse labels from
human annotators.

V. CONCLUSION

This study presents DMLOS, a dual metric learning for
few-shot weakly-supervised OD and OC segmentation. It
is trained using the Omni Training algorithm that improves
data utilization and uses a diverse number of shots.

The results demonstrate that the dual branch approach
outperformed the single branch approach, except in the
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REFUGE dataset. DeepLabv3+ is useful for hard
segmentation cases, but lighter models are preferred for
easy cases.

More shots unsurprisingly achieve higher scores, but
smaller shots can achieve good scores with effective sparse
labels. Points, grid, and region labels are similarly
effective, but the region label is more efficient due to the
easier annotations. Meanwhile, the contours and skeleton
labels are the least effective.

Our DMLOS is comparable to the UDA methods in
terms of performance, but it is more efficient because it
can be lighter and does not require retraining. Our
proposed method is also superior to the FSS and WSS
methods, despite using less labeled data.

These results suggest that DMLOS is effective for
fundus image segmentation with limited labeled data. With
DMLOS, a model can be trained optimally and then
adapted to new data using only a few sparsely labeled
images.

Next studies could evaluate the dual metric learning
method using different model architectures on various
datasets and cases.
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