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Abstract: Ocular axial length (AL) measurement is important in ophthalmology because it should be
considered prior to operations, such as strabismus surgery or cataract surgery, and the automation
of AL measurement with easily obtained retinal fundus images has been studied. However, the
performance of deep learning methods inevitably depends on distribution of the data set used, and
the lack of data is an issue that needs to be addressed. In this study, we propose a framework for
generating pairs of fundus images and their corresponding ALs to improve the AL inference. The
generator’s encoder was trained independently using metric learning based on the AL information.
A random vector and zero padding were incorporated into the generator to increase data creation
flexibility, after which AL information was inserted as conditional information. We verified the
effectiveness of this framework by evaluating the performance of AL inference models after training
them on a combined data set comprising privately collected actual data and data generated by the
proposed method. Compared to using only the actual data set, the mean absolute error and standard
deviation of the proposed method decreased from 10.23 and 2.56 to 3.96 and 0.23, respectively, even
with a smaller number of layers in the AL prediction models.
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1. Introduction

As a subtype of artificial intelligence (AI), deep learning is a method inspired by the
neural architecture inside the human brain that has significantly reduced bottlenecks in
various fields owing to recent developments in computer power [1,2]. Deep learning is
actively applied in ophthalmology, and its main applications include retinal image analysis,
retinal disease classification, and retinal pathology identification [3–6]. Retinal image
analysis involves detecting and segmenting biological components in retinal images or
screening high-quality images. Fundus images, one of the most commonly used images
in ophthalmology, show the retinal vessels, optic disc, and fovea; rapid and accurate
identification of these components is important for achieving diagnosis automation and
downstream tasks [7,8]. In addition, retinal disease classification and retinal pathology
segmentation have attracted significant research attention for automating retinopathy
diagnoses [9,10].

Beyond classification, researchers have recently attempted to apply deep learning
to regression tasks. For example, the retinal nerve fiber layer thickness (RNFL) and the
minimum rim width at the Bruch’s membrane opening on the spectral-domain optical
coherence tomography scale were predicted to aid the automatic diagnosis of glaucoma [11].
As another example of a regression task, axial length (AL) is measured by optical biometry,
which requires sophisticated skills and large spaces [12]. In addition, the prediction of
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ocular AL, defined as the distance between the anterior surface of the cornea and the retinal
pigment epithelium based on a fundus image using a deep learning method, has been
studied [13,14].

AL is considered as one of the important biometrics in ophthalmology because it is
used as a parameter for making intraocular lenses before cataract surgery [15] and is related
to the development of eye diseases such as glaucoma and myopic degeneration [16,17].
The linkage between AL and fundus image can be found in diverse ways. Retinal thinning
in highly myopic eyes has been seen in the peripheral areas, whereas it is not observed in
the fovea [18]. It is also known that maculopathies such as myopic macular degeneration
and macular diseases are associated directly or indirectly with AL [19,20].

As with other fields, ophthalmological deep learning applications need as much useful
data as possible to improve generalization abilities and avoid model overfitting. Therefore,
in addition to the available data, it is necessary to artificially create data to compensate
for the insufficient data distribution. A simpler approach for generating data is low-level
image processing, such as rotating, clipping, and flipping existing data or random noisy
injection [21,22]. Another strategy involves learning data distribution by training a neural
network with existing data and generating it through an architecture [23,24]. If supportive
information can help a neural network learn data distribution, corresponding variations
can be applied [25,26].

In this study, we propose a method for generating valid data, enriching the diversity
of training data, and improving the performance of the downstream prediction network.
A notable feature of this study is the characteristics of the data and the method of gener-
ation. The data to be generated are fundus images and corresponding ALs, where AL is
a continuous real value and not a discrete value. The approach to generating this pair of
data has not been extensively investigated because it is not as simple as the usual image
generation methods that deal with images bound to the target of discrete values, such as
class. First, continuous real AL values must be divided into fixed intervals. For generation,
a generating network considers only the corresponding fundus images in one AL range as
the target and images in another AL range as the input. In this manner, insufficient data can
be generated using the data in the part with high frequency in the data distribution, which
also provides continuity between images in different AL ranges. Images in the neighboring
range were used for generation to gain confidence in the validity of the generated images,
which was demonstrated by the improvement in the performance of the downstream AL
prediction, as illustrated in Figure 1.

Feature alignment is a strategy for establishing a relationship between two different
feature domains or between features and other relevant information. If fundus images are
fed into the encoder (Figure 1) in the training phase without any reference information,
it is difficult to obtain a clear relationship between the latent features of the images and
the corresponding ALs. This unconvincing latent feature vector negatively affects the
decoders when generating effective images, as demonstrated by the experiment. The
feature alignment is implemented by corresponding the metric of the distances of AL with
the metric of the element-wise distances of the latent feature vector and grouping with zero
padding for the region representation after encoding.

In summary, our main contributions are featured in the following aspects:

1. The proposed framework confirms that the pairs of generated fundus images and AL
can contribute to a reduction in the variance and bias of the prediction model, indicating
that the generated pairs can provide regularization effects on the prediction networks.

2. The independent training of the encoder in the proposed metric-based method and
grouping of the latent feature vectors after the encoder are effective for generating
valid data.

3. Using the data set generated by the proposed method, improved AL prediction results
can be obtained using the prediction models, even with fewer weights.
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Figure 1. Structure of proposed framework. AL predictor predicts AL-given fundus images and is
trained on the combined data set comprising the actual and generated data sets.

The rest of this paper is organized as follows: Section 2 reviews the works related to
this study. Section 3 describes the proposed data augmentation method. In Section 4, the
experiments and results of the proposed method are explained. A discussion is provided
in Section 5, with the conclusions presented in Section 6.

2. Related Work

In this section, related studies from three aspects are briefly reviewed.

2.1. Medical Image Synthesis

Recent advances in medical image synthesis have been achieved through deep learn-
ing, owing to its decomposition and reconstruction capabilities. Most studies use deep
learning architectures in the medical field, including U-Net-based and generative adversar-
ial network (GAN)-based architectures [27,28]. Medical image synthesis aims to restore
poor-quality images or convert them into new images in a similar domain [24]. A previous
study modified a U-Net-based architecture, enabling it to possess three-dimensional con-
volutional layers for generating positron (PET) images [29]. Another study replaced the
pooling layer of U-Net for downsampling with a convolution layer to generate improved-
quality computed tomography images [30]. Furthermore, the positive effect of creating
local skip connections to preserve details in the U-Net architecture when reconstructing
sparsely sampled MRIs was experimentally demonstrated [31].

A previous study proposed a framework with two distinct GANs to generate DR
images [32]. The first GAN was responsible for image conversion between the source and
target domains, whereas the second GAN generated DR images using the conditional
information of the severity class and structural and lesion masks. In addition, CycleGAN
was implemented for domain translation, with multiscale inputs enabled for the second
GAN. Another study developed a cycle-consistent GAN by modifying the loss function by
introducing a mean absolute difference that counts the number of incorrectly generated
pixels and the gradient descent loss between the target and source PET images [33]. For
MRI generation, a previous study adopted the ResNet architecture in the generator to
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preserve detailed signals, with the ratio between the l1 and l2 costs used as the loss function
to remove noise while maintaining the fine texture of the images [34].

This study adopted U-Net as the basic architectural structure for several reasons,
including proving the novelty of this method. For a GAN, the generator and discriminator
should be trained simultaneously without mode collapse, making it difficult to insert the
continuous value of conditional information (AL) and determine its effectiveness.

2.2. Augmentation

Studies have been conducted in several fields to improve downstream tasks via aug-
mentation by generating training samples: In one study [35], the impact of data augmenta-
tion was assessed using simple geometric operations under various conditions, including
binary and multilevel classifications in leukemia diagnosis tasks. An augmentation method
for generating functional magnetic resonance (fMRI) images that minimizes the problems
of feature and distribution mismatches while preserving the sparse reconstruction relation
over the entire data set of the input space was developed [36]. Arterial spin labeling (ASL)
images were synthesized to provide useful data based on well-established image-based de-
mentia data sets to improve the performance of dementia disease diagnosis [37]. A locally
constrained GAN-based ensemble was designed by adopting an attention-based feature
pyramid model to synthesize ASL images. The concept of negative transfer and structural
consistency to optimize the modified GAN builds augmented domains based on data in
the source domain and color channel shuffling [38]. The effectiveness and robustness of
this method were demonstrated using a person re-identification (ReID) task.

2.3. Metric Learning

Metric learning is an important deep learning technique that uses measurable infor-
mation to help a neural network better discriminate between input vectors. Measurable
information depends on the tasks handled by a neural network, which can introduce useful
metrics for making the input data distinguishable. Among various studies, a pseudo-
labeling framework for addressing class imbalance was designed [39]. The neural network
that forms the framework was trained using the loss function, which calculates the square
distances of the embedded vectors of the input data. The introduced margin value forced
the vectors of the same classes to be clustered, whereas the vectors of the different classes
were separated. The contrastive loss function was used to determine whether the two
input patch data sets belonged to the same class [40]. Furthermore, the embedded feature
vectors obtained by neural networks trained by metric learning can be clustered in an
unsupervised manner. Metric learning was applied to multiclass classification using triplet
loss by introducing a generalized version of multiclass N-pair loss [41]. In addition to the
variation in Euclidean distance, the chi-squared value was used as measurable information;
furthermore, a modified triplet loss function that incorporates the chi-squared distances
between the histogram vectors of the features was designed [42].

3. Method

In this section, structures of neural networks with a loss function for training are
introduced, followed by a data augmentation strategy.

3.1. Neural Networks

In this study, we developed an AL prediction framework comprising the following
three parts: generator, data combination, and AL predictor. The generator created paired
data of fundus images and the corresponding ALs in the infrequent regions of the AL
distribution in Figure 2, while the AL prediction models were devised to evaluate the
validity of the generated data set.
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Figure 2. The distribution of the collected axial length (AL).

3.1.1. Generator

The generator generates images and the corresponding ALs based on the original
pairs located near them in the data distribution. The generator architecture is based on a
U-Net shape in which the input and output have the same dimensions. The advantage
of adopting the U-Net architecture is its ability to flexibly fuse the coarse information of
global abstracts with the fine information of local details through skip connections. The
proposed network exhibited four hierarchical representations, with each semantic piece
of information reserved and reused at the same level of decoding path. The generator
mainly comprises an encoder, a middle part for producing and condensing the feature
representation with AL conditional information, and a decoder for generating images based
on the feature vector.

• Encoder

The encoder, i.e., the front part of the generator, converts the input images into
condensed representations. As shown in Figure 3b, its structure is composed of five
convolutional layers in a row, with the last fully connected layer. The convolution layers
contains 3 × 3 kernels with two strides, and the fully connected layer contains 16 nodes.
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Figure 3. Structure of the models. (a) The architecture of the generator. Each stage of the encoder
is concatenated with the corresponding stage in the decoding path. (b) (Left) Encoder comprises
convolutional layers, where the number of channels starts at 64 and decreases by a factor of 2; the last
fully connected layer consists of 16 nodes. When training the encoder independently, two encoders
with the same weights are used for the metric learning with the proposed loss function. (Right)
In inference, only one encoder is set with the trained weights. (c) Two AL prediction models with
different depths are tested in this study using 4 and 2 blocks of the residual block, respectively. The
left model is denoted as “Deeper model,” whereas the right model is denoted as “Base model”.

For training, we used metric learning that reflects the Euclidean distance of the AL to
the distance of the feature vectors. The fundus images in the same AL distribution region
were fed into two different encoders with the same weights; this separate feedforward
enabled the evaluation of the relationship between the corresponding ALs while updating
the shared weights.

−⇀
D f = | fenc(X1)− fenc(X2)| (1)

−−⇀
DAL =

∣∣ALX1 − ALX2

∣∣1−⇀
D f

(2)

where ALX1 , ALX2 ∈ RAL, and 1−⇀
D f

is all− ones vector with the same dimension as
−⇀
D f .

Lmean =

∣∣∣∣∣−−−⇀D fmean − a ·
−−⇀
DAL

b
∣∣∣∣∣ (3)

Lvar =

∣∣∣∣∣−−⇀D fvar − c ·
−−⇀
DAL

d
∣∣∣∣∣ (4)

Lenc = Lmean + Lvar (5)

D f and DAL in (1) and (2) are the Euclidean distances between the feature vectors of two
given input images, X1 and X2, associated with the corresponding ALs, ALX1 and ALX2 ,
respectively, where ALX1 and ALX2 are the elements in a specific region, RAL. As illustrated
in (3) and (4), the encoder must be trained to minimize the difference between the distances
between the ALs and each component of the encoded vectors. Note that the distance
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in the feature space does not follow the metric in the Euclidean distance because the
feature space, which is set by the encoder, is not a Euclidean space. Therefore, additional
hyperparameters, i.e., a, b, c, and d, were introduced to match both distances, thereby
reducing the distance error as much as possible. The feature distance increases or decreases
linearly by manipulating a and b, using the power to manipulate c and d.

The output vector of the encoder is a 16-dimensional vector divided into the mean
vector, D fmean , and variance vector, D fvar . The first eight feature components were defined
as D fmean , whereas the remaining eight components were defined as D fvar . These vectors
were used to calculate the intermediate results of the feature vector modification according
to (6) in the middle of the generator.

• Feature vector modification

After the input images were encoded using the encoder, the output feature vector
was 16-dimensional and divided into mean and variance vectors with eight dimensions.
As illustrated in (6), the mean vector can be considered the central point of the cor-
responding input image, whereas the variance vector can be considered the amount
of deviation of the encoded vector from the central point. In this manner, the feature
component was integrated by fixing the first eight feature components and flexibly
choosing the remaining eight.

In this setting, the variance can be controlled by adopting a random vector in the
random distribution with the range [0, 1] to ensure different images can be generated
flexibly for downstream AL inference. In this study, the random vector is produced with a
uniform distribution because if the probabilities are uniform, various vectors around the
mean vector can be chosen without exceeding the radius of the variance vector.

f = fenc(X)mean + fenc(X)var �u, u ∼ U(0, 1) (6)

ALdi f f = ALX2 − ALX1 (7)

f ′′ = Concatenate
(

f ′, ALdi f f

)
(8)

Equation (6) is a mathematical description of the process, where f , X, and u are the
adaptive feature vector, input image, and random vector, respectively. As the created
random vectors with equal probabilities can produce varying f in the region centered in
the mean vector and with the radius of the variance vector, a uniform distribution is used
to create the random vector to provide the generators with flexibility for image generation.

After evaluating the adaptive feature vector, the AL difference, ALdi f f , should be
added in (7). As this information was used to generate images using the decoder, the AL
difference was obtained by subtracting the input AL from the AL to be generated.

• Feature vector grouping

The last piece of information is the zero elements for the spatial separation of the
regions. As listed in Table 1, each AL region exhibits its own form of representation, f ′, with
the adaptive feature vectors in distinct quadrants. The final feature vector modification,
represented as f ′′ in (8), was performed by concatenating the region representation, f ′, with
the AL difference, ALdi f f . In summary, the modified feature vector includes information
on the AL region with space separation and the AL difference between the target AL and
the input AL by adding another axis for this scalar value.
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Table 1. Region Representation f ′.

Region (mm) f ′ Region (mm) f ′

20.5–21.0 [ f , f ,0,0,0,0,0,0,0,0] 30.0–30.5 [ f ,0,0,0,0,0,0,0,0, f ]
21.0–21.5 [ f ,0, f ,0,0,0,0,0,0,0] 30.5–31.0 [0, f , f ,0,0,0,0,0,0,0]
21.5–22.0 [ f ,0,0, f ,0,0,0,0,0,0] 31.0–31.5 [0, f ,0, f ,0,0,0,0,0,0]
27.5–28.0 [ f ,0,0,0, f ,0,0,0,0,0] 31.5–32.0 [0, f ,0,0, f ,0,0,0,0,0]
28.0–28.5 [ f ,0,0,0,0, f ,0,0,0,0] 32.0–32.5 [0, f ,0,0,0, f ,0,0,0,0]
28.5–29.0 [ f ,0,0,0,0,0, f ,0,0,0] 32.5–33.0 [0, f ,0,0,0,0, f ,0,0,0]
29.0–29.5 [ f ,0,0,0,0,0,0, f ,0,0] 33.0–33.5 [0, f ,0,0,0,0,0, f ,0,0]
29.5–30.0 [ f ,0,0,0,0,0,0,0, f ,0] 34.5–35.0 [0, f ,0,0,0,0,0,0, f ,0]

Figure 4 shows a diagram of the feature vector modification in the middle of the gener-
ator. According to (3) and (4), the encoder is trained such that the mean and variance vector
points are at a maximum distance from each other as a·

∣∣RAL|b and c·
∣∣RAL|d , respectively,

where |RAL| is the interval of the AL region, which is 0.5 mm in this study. The advantages
of the two modification steps include the following: (i) encoded points can be crowded with
a finite distance that reflects the real distance between axial lengths, (ii) specified AL region
information, as well as the AL to be generated, are present in the modified feature vector,
and (iii) possibility of generated images overlapping with different AL can be reduced.
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Figure 4. Diagram of the signal flow through the generator. Between the encoder and the decoder,
after concatenating the encoded feature vector with the conditional information of the distance
between the AL corresponding to the input fundus image and the desired AL, the zero elements were
padded onto the feature vector for the feature space modulation.

• Decoder

The special feature of the decoder of the U-net is its ability to share the encoder’s
hierarchical results by concatenating them with the results in the corresponding levels
through the decoder path. These bifurcations help to efficiently update the weights of both
paths by referencing the modified feature vectors in the middle and also compensate for
the inevitable information loss through the encoder path because of the restricted receptive
fields of the convolution processes.

The decoder path begins with a modified feature vector of 24 dimensions and is subse-
quently fed into the next fully connected layer via reshaping to exhibit 4 × 4 × 4 feature
maps of the same size as the last level of the encoder path. Thereafter, four transposed
convolution processes are conducted to increase the dimensions until the final outputs
exhibit the same size as the input images. Leaky ReLU and batch normalization layers
were used as nonlinear activations for each level. In addition, the height and width of each
feature map were designed to match the size of the feature map at that level in the encoder
path for concatenation, as shown in Figure 3a. The channel size was doubled from 4 to 32,
and the final output channel was 3, representing the three-color channels.

3.1.2. AL Predictor

As shown in Figure 3c, The AL predictor was a ResNet consisting of consecutive
residual blocks for feature extraction, and fully connected layers for the regression. The
residual blocks exhibit shortcut connections that can preserve the detailed information from
the previous layer and prevent explosion and vanishing of gradients during training [43].
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The path for the extraction of features in each residual block utilized two convolutional
layers with batch normalization and ReLU activation. The number of channels of the
convolutional layers of the residual blocks doubled at 64, and the kernel size was 3 × 3
which produced the same height and width of the inputs. The 2 and 4 residual blocks were
used for base model and deeper model, respectively. Lastly, the number of nodes for the
fully connected layers were 50 and 1, and the last one represents the predicted value.

3.2. The Procedure of the Data Augmentation

As described in Algorithm 1, the overall procedure can be divided into six major steps.
Before the first step, the data set needs to be separated according to a certain length of
AL interval, and a generator should be created and trained for each region. For the first
step for a region, the encoder embedded in the generator is trained with the images and
AL in the corresponding regions. The encoders for all the regions are trained using the
proposed metric learning method as input images can be mapped into its modified AL
metric that fits for the hidden space, represented by (1)–(5). The second step is training the
generators for the total regions. After embedding the trained weights in the encoder into the
corresponding generators, the random vector and AL difference were utilized to produce
the modified feature vector as (6)–(7). During training, the region of the input images needs
to be the previous or the next region that the label images belong to, because referencing
the data in the nearest region is assumed to be more efficient in terms of generating the data.
The third step involves the generation of the data for all regions, and the number of the
data combined with the existing data for each region are set. The fourth step is training the
AL predictor with the mean absolute error loss function, and, finally, the AL is inferenced.
In Algorithm 1, Lenc is the loss function for training the encoders as represented in (5) and
Lgen is the mean absolute error (MAE) loss function for training the generator.

Algorithm 1: Pseudo-code for the method.

Input:
Pairs for training encoder: (xenc,i, yenc,i) i = 1, 2 in the same region
Pairs for training generator: (xgen, ygen), (xgen,label, ygen,label) in different regions
Pairs for training AL prediction models: (xpred, ylabel)
Images for inference: xinf
Hyper-parameters for encoder
Output:
Predicted AL: O

Step 0: Dividing the data set according to a certain length of AL interval
Create an encoder and a generator for each region

Step 1: Training encoder for each region
Initialize weights of encoder
Set the hyperparameters for encoder

For the iteration number for the encoder do
Compute Enc1 = encoder(xenc,1) and
Enc2 = encoder(xenc,2)
Compute Lenc = Lenc(Enc1, Enc2, yenc,1, yenc,2)
Compute gradient genc = ∇Lenc
Update weights wenc = SGD(genc)

End for
Save wenc
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Step 2: Training the generator for each region
Initialize wgen
Replace the encoder weights with wenc in Step 1
Stop updating the weights of the encoder

For the iteration number for the generator do
Compute Enc = encoder(xgen) in Generator
Create a random vector r
Compute ALdiff = ygen,1 − ygen,2
Feature vector modification: Compute f ′′ with Enc, r, and ALdiff
Feature vector grouping according to Table 1
Compute = Decoder(f ′′)
Compute Loss Lgen = MAE(xgenerated, xlabel)
Compute gradient ggen = ∇Lgen
Update weights wgen = SGD(ggen)

End for
Save wgen

Step 3: Image combining
Set the number of images needed for each region
Calculate the number of generated images needed for each region
Generate the images and ALs with the generators
Combine the generated data sets with the original data set

Step 4: Training AL prediction models
Initialize wpred

For the iteration number for AL prediction models do
Compute results ypredicted = AL prediction models(xinf)
Compute Loss Lpred = MAE(ypredicted, ylabel)
Compute gradient gpred = ∇Lpred
Update weights wpred = ADAM(gpred)

End For

Step 5: AL inference
Compute O = AL prediction model(xinf)

4. Experiment
4.1. Data Set

A total of 1895 fundus images were collected using a Topcon fundus camera (Triton,
software version 10.10; Topcon Corp., Tokyo, Japan). The data set was privately gathered
retrospectively from ophthalmological examinations of patients at the university medical
center, with 599 images manually excluded by ophthalmologists as they did not contain
enough information about the fundus status, while the remaining 1296 images were used in
this study. Corresponding AL data were obtained by averaging five values measured by the
experts using IOL Master version 5.4 (Carl Zeiss Meditec AG, Jena, Germany). This study
adhered to the tenets of the Declaration of Helsinki and was approved by the Institutional
Review Board of Korea University Anam Hospital, No. 2019AN0314 (date of approval: 15
July 2019). The ALs included those of normal, hyperopic, and myopic eyes, ranging from
22 to 35 mm. Poor images of biolandmarks with low visibility, such as retinal vessels, optic
discs, and fovea, were excluded by ophthalmology experts from the university hospital. As
shown in the distribution of AL in Figure 2, 50% of the data were concentrated in the range
of 23–25 mm, and the frequency decreased abruptly as the AL deviated from this region.

4.2. Experimental Setup

The framework can be divided into two main components: data generation and
AL prediction. To generate data, the encoder in the generator can be separately trained
using the proposed method, and the two AL prediction models can be trained using the
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existing and generated data. In this study, the networks were implemented using an
Intel(R) Xeon(R) CPU E5-2620, with a clock speed of 2.10 GHz, 64 GB of memory, and four
RTX 2080Ti GPUs. The AL prediction models were trained using the adaptive moment
estimation (Adam) optimization method, and the generators and encoders were trained
using stochastic gradient descent (SGD) to update the weights. The Adam optimization
method was chosen because of its ability to adapt the learning rate based on the local shape
of the manifold, which helps the networks find the minimum of the loss function [44]. SGD
was chosen because learning the general expression of fundus images is important for
generators [45,46]. The AL prediction models were trained using the Adam optimization
method, and the generators were trained using SGD to update the weights. Five batches
were prepared; the number of iterations for the encoder, generator, and AL predictor was
1000, 10,000, and 2000, respectively.

The fundus images were cropped to 128 × 128 pixels, with the regression results
evaluated using mean absolute error (MAE) and standard deviation (std), and the unit
for MAE was mm for the consistency with the unit for AL. Experimental performance
was assessed by randomly selecting 100 pairs according to the regions, with half in the
22~27.5 mm region, where the majority of the data were located in the distribution, and
the remaining half in the other region (i.e., 20–22 mm and 27.5–35 mm). This selection
was performed to prevent an unreliable assessment, followed by biased test data obtained
from the most crowded region. The hyper-parameter tuning was conducted with the
randomized search in greedy approach. The learning rates of each model were chosen after
trial with some representative values such as powers of the 0.1 for the generators and AL
prediction models, and the values of 0.001 were selected to be the best. The values for the
hyper-parameters in the proposed loss function for the encoders, a, b, c, and d in (3) and
(4), were assigned step by step. The a, b for the mean vector loss in (3) were decided first
and then the other two for the variance vector loss in (4) were decided. The specific values
for those hyper-parameters were shown in the results sections. Lastly, the total number of
data sets for each region for training was set to be 30 including the existing data set and the
newly generated data set, heuristically.

Experiments

• Experiments on the effect of the different layer depth of the AL predictor

The layer depth is one of the basic parameters that affects the performance of a neural
network. Furthermore, in terms of the utilization of the generated data, the performances
of same networks with different layer depth indicates its validity and effectiveness, because
a large data set provides room to reduce the depth of the network. Therefore, we designed
two ResNet models as the AL prediction models to not only compare the performances
of the two networks but also verify whether the data were well generated. As shown
in Figure 3c, the deeper model contains four residual blocks, whereas the base model
contains two residual blocks. In addition, the architecture of the residual block and the
fully connected layers, and the other parts of the networks, are the same.

• Experiments on the feature vector modification

The architecture of the generator was designed based on the form of U-Net architecture.
However, the proposed architecture was improved to enable the generation of pairs of the
fundus images and the corresponding ALs. As previously discussed, the random vectors
were utilized to provide the variation for the generation [47], and the AL difference between
the input AL and output AL was inserted into the modified feature vector to match the
output image. Furthermore, as shown in the Table 1, the modified feature components were
arranged such that they were located in the separate quadrants employing the zero padding.
The 16 generators for the 16 regions were created, and each model was trained twice with
and without this space separation. The effectiveness of the feature vector modification was
verified by comparing the performances of the AL prediction models trained using the
generated data with the two options.
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• Experiments on the independently trained encoder

The encoder in the generator converts a point in the image space into the corresponding
point in the feature space. Two methods were employed to train the encoder. First,
the encoder for each region was trained dependently via the end-to-end training of the
generator. The other method involved the independent training of the encoder with the
specified metric function of mapping the fundus images into the ALs as represented in
(1)–(5). Compared to the former method, the latter offers the flexibility in the generator
design and interpretability of the architecture. The effectiveness of the independent training
method was verified by testing the generated images produced by the generators with
these options. This section may be divided by subheadings. It should provide a concise
and precise description of the experimental results, their interpretation, as well as the
experimental conclusions that can be drawn.

4.3. Result

This section presents a systematic analysis of the performance of the proposed frame-
work. First, the generated pairs of fundus images and ALs are shown, along with a
description of the focus of the generators during image generation. Second, to provide
a criterion for verifying the effectiveness of the main performance results, the baseline
performances are evaluated using two AL prediction models trained only on the actual
training data set. The last three results are the assessment results of the two AL prediction
models trained on the data set that combined the actual data set and the data sets generated
with the three different options, as described in the following subsections. Except for the
analysis of the generated pairs, all performances are evaluated using the same carefully
selected test data set and metrics (i.e., MAE and std).

• Results of the generated pairs

Two main characteristics were observed in the generated images: partial preservation
of the biological landmarks and dependency on the reference data. For a visual repre-
sentation, the samples in the specified regions are shown in Figure 5, which shows three
actual images in the first column as reference images and nine generated images in the
other columns. The top row in Figure 5 shows a group of images whose ALs belong to the
21.0–21.5 mm region.

Compared with the actual image, some information on the biological landmarks was
lost in the generated images. For example, the location of the fovea and contents inside the
optic discs were not retained. However, the locations and edges of the optic discs and their
neighboring areas tended to remain unchanged, and the edge of the optic cup inside the
optic disc was also visible. In addition, the retinal vessels in the generated images were
vaguely expressed, while the small branches tended to disappear. Furthermore, as shown
in the second row of the Figure 5, when the actual fundus images had the diseased areas of
the retinal detachment, the areas were not generated. Despite these representation losses,
other information, such as the overall structure of the background and its color variation,
was reproduced. Through these observations, it was confirmed that some details of the
biological landmarks in the fundus images could not be considered important for inferring
AL, whereas some information which was located on the background structure and areas
nearby the edges of the landmarks appeared to be crucial.

Images whose ALs belong to the 30.5–31.0 and 31.0–31.5 mm regions are shown in
the second and third rows in Figure 5, respectively. The overall background patterns of
the generated images of the 30.5–31.0 mm region were reproduced. However, biological
landmarks were absent in all the generated images in these cases and tended to contain
only the colors and shape of the optic disc, indicating that the generator could only focus
on shaping the low frequencies of the data. This may be attributed to the lack of data,
which resulted in the poor learning of those regions. At ALs above 30 mm, the number of
data set decreased rapidly. For the data set used, the average number was 2.13 per interval
and the maximum was 4. In case of samples in the 31.0–31.3 mm region in Figure 5, as the
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number of original data set in the region is 1, the generator can only generate the points
near it, indicating that its similar images are always produced.
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Figure 5. Samples of the generated pairs in the 21.0–21.5 (top row), 30.5–31.0 (middle row), and
31.0–31.5 mm (bottom row) regions. In the 21.0–21.5 mm region, the generated images do not
contain much information on the biological landmarks except their location and overall shapes. The
background patterns are mostly preserved in the 30.5–31.0 mm region, whereas the model overfits
the specific data in the 31.0–31.5 mm region.

• Results of the baselines

The results presented in this subsection were obtained by averaging the metric values
of the total 24 regions from 21–35 mm. The baseline result represents the score of how
accurately the AL prediction models were trained on the actual data set. The results of
deeper model indicate its superiority to base model (Table 2). With an increase in the depth
of the model, the MAE and std decreased from 10.23 and 2.56 to 5.49 and 1.43, respectively.
The scatter plot revealed that the std of the corresponding region of deeper model was
better than that of base model (Figure 6). This indicates that base model recorded both
higher bias and variance, and the results came from the fact that the deeper model has
more weights to gain regression power.

Table 2. Performance of the two AL prediction models, the base model and deeper model, after
training on the actual data.

AL Prediction Model MAE Std

Base model 10.23 2.56
Deeper model 5.49 1.43

• Results of the Experiments on the feature grouping using end-to-end learning

The end-to-end learning is the one-time training of a model. In this constraint, the
feature grouping in the middle of the architectures ensures the separation of the different
generated points in the pair space. The effect of feature grouping is presented in Table 3,
and it indicates that using the generated images with the feature grouping exhibited a
positive effect on training both AL prediction models.
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Figure 6. Scatter plots of the absolute prediction errors of the same test data in the 23 mm–26 mm
range. Baseline results of the base model (top) and deeper model (bottom) trained with only the
actual data. The scatter plots for all regions can be found in Figures S1 and S8.

Table 3. Analysis of the effect of feature vector grouping using the end-to-end training of generator.

Use of Feature
Vector Grouping

AL Prediction Model

Base Model Deeper Model

MAE Std MAE Std

No 8.32 6.92 5.32 1.21
Yes 4.29 0.43 4.38 0.97

For base model, the MAE and std decreased from 8.32 and 6.92 to 4.29 and 0.43,
respectively. The performance of deeper model also improved, and the MAE and std
decreased from 5.32 and 1.21 to 4.38 and 0.97, respectively. This was further verified by
the scatter plots from the feature grouping option in Figure 7, regardless of the depth of
the AL predictors. The error values and their variances were also lower, meaning that the
pairs generated using the feature grouping were closer to points of the actual pairs without
compromising the generalization. In detail, the deeper model still had better prediction
power than the other one, which means that more weights were still needed to analyze the
fundus images, even though the generated data set had been helpful for possessing more
information by the weights of the models.

• Results of the experiments on the independent training of the encoder

The encoders used in this experiment were separately trained in a way that the
Euclidean distance between ALs is mapped into the distance between the encoded vectors in
hidden metric of the feature space. By doing so, the encoder can learn the extra information
about the hidden metric explicitly, which helps to generate data with better qualities. The
values listed in Tables 3 and 4 confirmed that improved results can be obtained using
the independently trained encoder compared to the end-to-end training. If the feature
grouping was considered as a constraint, the overall MAE and std values for both AL
prediction models were reduced. With this method, the minimum MAE and std were
achieved using the base model, and the values were 3.96 and 0.23, respectively. In addition,
the minimum MAE and std were also achieved using the deeper model, and the values
were 4.08 and 0.12, respectively. Therefore, when using the weights from the independently
trained encoder, the image points whose ALs are different in the pair space were more
likely to be reconstructed without losing the generalization power. Furthermore, comparing
the performances between the two AL prediction models, the number of weights of the
base model was enough for containing the information, analyzing the fundus images, and
mapping them into AL. Meanwhile, the number of weights of the deeper model was large,
leading to more overfitting than the base model.
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Table 4. Analysis of the effect of feature vector grouping and the independent training of the encoder.

Use of Feature Vector
Grouping

Encoder AL Prediction Model

Hyper-
Parameters

(a:0.01 and b:1)
Base Model Deeper Model

c d MAE Std MAE Std

No
5 2 5.79 1.52 6.49 2.06
10 2 7.37 3.51 4.28 0.21

Yes
5 2 3.96 0.23 4.33 0.25
10 2 4.09 0.16 4.08 0.12

According to (3) and (4), the encoder was trained using four distinct hyper-parameters
used to set the distance metric of the feature vector space. The results with a change
in these parameters are presented in Table 3. The scale and power of the AL distance
for the mean feature vector (a and b in (3)) were fixed to 0.01 and 1, respectively, as
the mean feature vector was assumed to be the center point. In addition, the power
of the AL distance for the variance feature vector (d in (4)) was heuristically set to 2 to
synchronize the scales of the weights of the generator. When the scale of the AL distance
for the variance feature vector (c in (4)) was set to 5, the MAE in base model was lower
regardless of the feature grouping, but it was 10 for the deeper model. This indicates
that a change in the hyper-parameter of the encoder affected the AL prediction models,
and appropriate values were required to be assigned.
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• Results of the experiments on the effect of the hype-parameter of the encoder

The feature grouping setting exhibited a positive effect on the performances regardless
of the depth of the AL predictor. Particularly, the base model exhibited significantly
decreased MAE and std compared to those of the deeper model. In Table 4, when the c was
5, along with the second lowest std of 0.23, the base model, which contains lesser number
of weights than the deeper model, recorded the lowest MAE of 3.96.

Figure 8 accurately illustrates the effect of different hyper-parameter values and the fea-
ture vector grouping setting on the six consecutive ranges, as the most stable performance
was observed in the scatter plots in the second and fourth rows of Figure 8.
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Figure 8. Scatter plots of the absolute prediction errors of the same test data in the 23–26 mm range.
The top two rows show the absolute errors obtained by the base model, while the results of the bottom
two rows were obtained by the deeper model. In all cases, both the proposed separate learning of the
encoder and the feature vector grouping were used. The minimum errors and standard deviation
(std) were obtained by the base model when the values of c and d were 5 and 2 in third row from the
top. Compared to the absolute errors in Figure 7, it is proved that the proposed separate encoder
learning and the use of the feature vector grouping reduces not only the absolute errors and std, but
also the number of weights of the AL prediction models. The scatter plots for all regions can be found
in Figures S3 and S6 for the upper plots, and Figures S11 and S14 for the bottom plots.

In summary, compared to the results where only actual pairs were used, the gen-
erated pairs improved the predictions of the AL prediction models while reducing the
variance and the number of weights of the models, and the feature space modulation
enhanced this effect.

• Results of the experiments on the effect of the depth of the AL prediction models

The difference of MAE results from the base model training with original data and
with the combined data was clear (10.23 and 3.96, respectively), as shown in Tables 2 and 4.
What can be observed from the results is that the decrease in the MAE results from the
deeper model are significantly low (from 5.49 to 4.33), comparing to the decrease in the
MAE results from the base model (from 10.23 to 3.96). According to the MAE results from
both models using the proposed method, the difference is significantly low (4.33 and 3.96,
respectively), comparing to the previously mentioned decreases. Those facts indicate that
the number of residual blocks effectively affected the MAE results up to 4 times under the
given data condition.
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5. Discussion

In the previous section, the experimental results verified the effectiveness of gener-
ating a paired data set using the specified process of refining feature vectors in terms of
improving the performance of the AL predictor. However, several issues should be noted
to understand the limitations of this framework and the areas to improve. First, for images
generated in the AL range of 30.5–31.5 mm, shown in the two bottom rows of Figure 5, the
generator cannot generate the necessary patterns or can only imitate actual label images.
This under-expression and overexpression notably affected the downstream AL inference
task. Although MAE and std generally decreased when the proposed method was applied,
a pattern in which these values increased as AL increased was observed. For example, the
scatter plot of the test results for the best performance with an MAE of 3.96 and std of 0.23
revealed that the error decreased with a decrease in the AL until 25.0 mm, after which it
tended to increase, indicating that the information on the data set in these regions was not
fully reflected during training. Therefore, generating only the necessary information, even
for regions with insufficient data, should be considered in future studies.

Second, in this study, 16 generators were created and each of them was trained on the
data set in the specified range to enhance the efficiency of the learning. Although it can
reduce the burden on the generator to learning, it has notable disadvantage, in which the
number of parameters increased with an increase in the number of regions. In particular, if
the encoder for each generator should be trained independently, the training time increases.
Therefore, it is necessary to reduce the number of generators without compromising their
performance and the valid representation of the features as well.

Third, despite the validation of the generated data, the error from the AL prediction
model needs to be reduced to under 1 mm for real implementation. To improve to an
actual use level, it needs to be noted that the contextual information of the fundus images
affects the application of this method. The weights of the encoders, which convert from
the images to feature vectors, are bound to have representation of the specific contextual
information of the images. For example, the values of the weights are to be different if
the color distribution, location of the retinal landmarks, field of view, and resolution of
the fundus images taken with other devices are supposed to be different. Even if the ALs
of two fundus images taken from different devices are the same, the distributions can be
different, and the encoder should be trained in a way that proper metrics can define the
image distance. Therefore, further studies that consider the different kinds of data with
contextual information are needed to develop the application of this method.

Lastly, as the effectiveness of the pair data generation method of grouping hidden rep-
resentations has been proved with a fixed number of generated data, the future direction of
this method is to estimate the proper numbers of pair data sets to be generated for each AL
region. To realize this, setting up the hidden representation of the fundus image data should
be more sophisticated and explainable, which means that the feature vectors of images
need to be factorized into semantically understandable multiple vectors. For example, the
feature vector can be expressed as two component vectors, one serving to express common
features for all images such as backgrounds, and the other one serving to express unique
representation of each image such as retinal features. With this kind of representation split,
it could be possible to derive the capacity of a model heuristically through determining
the sufficient number of common feature components and each number of unique feature
vector components. Since this task is involved in the use of indirect conditional information
in the form of continuous and 1-dimensional data, establishing hidden space and regres-
sion should be considered simultaneously. Therefore, the above stepwise approach from
clustering to regression will be helpful not only in the study of analyzing biometrics with
high-dimensional medical data, but also in the field of interpretability in AI.

6. Conclusions

In this study, we proposed an augmentation framework that selectively generates a
data set of fundus images and the corresponding ALs to improve AL inference. After man-
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ually selecting the data set distribution regions where additional data sets were required,
the generators were created and trained using the actual data set. The generator was based
on the U-Net architecture with modifications to the encoded feature vector. After encoding
the input data, a random vector was introduced to enable variation in the generated images,
with feature vector grouping performed to impose locality and specificity on the feature
vectors. In addition, the encoder in the generator was independently trained using AL
distance-linked metric learning to accurately separate the different feature vectors. Com-
paring the methods revealed that the proposed pair data set generation improved the AL
inference. Thus, compared to using only the actual data set for training the AL inference
models, the MAE and std of the proposed method decreased from 10.23 and 2.56 to 3.96 and
0.23, respectively. Furthermore, the experiments verified the effectiveness of the feature vec-
tor grouping and the independent training of the encoder. In the future, the integration of
generators and more sophisticated and automated processes for selecting data distribution
regions that require generation should be considered to achieve a lightweight framework
and accurate AL inference.
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