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Featured Application: The proposed methods can accelerate labeling and training processes by
mitigating malicious effects of noisy labels.

Abstract: Deep learning demands a large amount of annotated data, and the annotation task is often
crowdsourced for economic efficiency. When the annotation task is delegated to non-experts, the
dataset may contain data with inaccurate labels. Noisy labels not only yield classification models
with sub-optimal performance, but may also impede their optimization dynamics. In this work,
we propose exploiting the pattern recognition capacity of deep convolutional neural networks to
filter out supposedly mislabeled cases while training. We suggest a training method that references
softmax outputs to judge the correctness of the given labels. This approach achieved outstanding
performance compared to the existing methods in various noise settings on a large-scale dataset
(Kaggle 2015 Diabetic Retinopathy). Furthermore, we demonstrate a method mining positive cases
from a pool of unlabeled images by exploiting the generalization ability. With this method, we won
first place on the offsite validation dataset in pathological myopia classification challenge (PALM),
achieving the AUROC of 0.9993 in the final submission. Source codes are publicly available.

Keywords: diabetic retinopathy; pathologic myopia; classification; retinal image analysis; fundus
image; deep convolutional neural network; Semi-supervised learning

1. Introduction

Deep learning (DL) has been applied to solving various tasks in manufacturing [1,2],
surveillance [3,4], and healthcare [5–7]. Training deep neural networks (DNNs) requires
a large amount of annotated data to achieve reliable performance [8,9]. Most of the cost
in constructing such datasets lies in the labor-intensive annotation process. In an attempt
to reduce this cost, annotations are often crowdsourced or delegated to non-experts with
limited supervision, not to mention human errors or systematic bias [10]. Both issues are
prevalent in medical data [11,12], where experts may hold conflicting opinions on identical
images [13].

DNNs learn to recognize visual patterns in images once the disparity between anno-
tations and predictions is reduced [14]. However, incorrect annotations impede training,
enforcing the networks’ predictions to coincide with wrong annotations and consequently
resulting in undesirable forgetting of meaningful patterns. Such issues can be remedied
using regularization techniques designed to prevent overfitting or analyzing the structure
underlying systemic noise [15–18]. Curriculum learning [19] has also been shown to be
helpful in handling noisy labels by ignoring suspicious labels during the training [20–23].

Recent studies have revealed a generalization ability of DNNs, where networks were
shown to learn meaningful patterns underlying the dataset before learning random
noise [24,25]. Several approaches explicitly take advantage of the generalization ability
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of CNNs to tackle label noises. In co-teaching [26], two networks are used to select data
with small losses to train the other network. This idea was motivated by the fact that
data with small losses are likely to be correct. However, ordering data based on their
resulting loss overlooks difficult cases that may be correctly labeled but simply hard to
train. A network trained using co-teaching may ultimately fail to perform reliably on hard
examples and human intervention may be necessary to separate hard examples from those
with incorrect labels [27]. Another approach optimizes network weights and replaces labels
with the predictions intermittently [28]. The method exploits the generalization ability of
the network and performs reliably in highly noisy data. However, this method also does
not differentiate correctly labeled hard examples from incorrectly labeled data.

In this paper, we discuss two methods that utilize the generalization ability of CNNs
to mitigate the problem of inconsistency or scarcity of medical data annotation. First,
we suggest a method to filter incorrectly labeled data based on discrepancies between
the network’s logits and given labels. We applied this approach to the classification
of referable diabetic retinopathy from color fundus photographs and showed that the
proposed algorithm outperforms state-of-the-art methods. Secondly, we introduce an
active learning algorithm to mine rare positive cases from a set of unlabeled images. A
model trained using this method ranked first on the offsite validation dataset as part of
the PALM challenge, achieving an AUROC of 0.9993 in the final submission (ranking and
performance of individual teams can be seen in i-Challenge PM tab at http://ai.baidu.
com/broad/leaderboard). Source codes are available at https://bitbucket.org/woalsdnd/
codes_and_data.

2. Materials and Methods

We introduce two approaches built upon the generalization ability of CNNs. The first
method filters out suspicious data by detecting mislabeled samples and masking the loss
function computed over such samples. This noise filtration scheme was used to train a
deep CNN in classifying referable diabetic retinopathy. The second method exploits the
generalization capacity of deep CNNs to retrieve unlabeled samples and query for manual
annotation that would help detect rare positive cases upon usage as training samples. This
method was used in the PALM competition [29] to classify pathologic myopia using very
few labeled data.

2.1. Classification of Referable Diabetic Retinopathy

Diabetic retinopathy (DR) is the leading cause of avoidable blindness across the
world, mainly due to the lack of accessibility to the screening exams. The International
Clinical Diabetic Retinopathy Severity Scale (ICDRDSS) provides guidelines for assessing
the severity of diabetic retinopathy in the scale of 0–4 [30]. A scale equal to or above 2 is
called referable DR, indicating that the patient is encouraged to visit an ophthalmologist
for closer monitoring of the progress (Figure 1). Therefore, it is important to triage patients
in screening centers and refer them to ophthalmologists for efficient and timely treatments.
In this work, we focused on binary classification to differentiate between referable and
non-referable DR in color fundus photographs.

2.1.1. Dataset

We used the Kaggle 2015 dataset with 35,126 images (17,563 eyes) for training and
53,576 images (26,788 eyes) for testing. The datasets were labeled on a categorical scale
from 0 to 4 representing the severity of DR in order of no-DR, mild, moderate, severe,
or proliferative DR according to ICDRDSS [30]. The number of images for each grade
amounts to 65,343 for no-DR, 6205 for mild, 13,153 for moderate, 2087 for severe, and 1914
for proliferative DR. After screening ungradable images, the entire dataset was randomly
split into development set (80%) and test set (20%). Then, the development set was
randomly split into 90% and 10% for training and validation. Referring to non-referable DR
and referable DR as y = 0 and y = 1, respectively, the training/validation sets contained

http://ai.baidu.com/broad/leaderboard
http://ai.baidu.com/broad/leaderboard
https://bitbucket.org/woalsdnd/codes_and_data
https://bitbucket.org/woalsdnd/codes_and_data


Appl. Sci. 2021, 11, 591 3 of 10

N0 = 60, 652 non-referable and N1 = 2845 referable DR. To address the aforementioned
noisy label issue prevalent in practice, we corrupted the training set by randomly flipping
pN1 referable DR to non-referable and vice versa with probabilities p ∈ {0, 0.2, 0.4, 0.6, 0.8}.

Healthy Referrable DR Pathological Myopia

Figure 1. Fundus images of healthy (left); referable diabetic retinopathy (middle); and pathologic
myopia (right). The referable fundus shows hemorrhage and white cotton-like patches (better view
in the electronic version). Fundus with PM shows large patches of chorioretinal atrophy spread
over the retinal fundus in many cases (top-left) or retina detachment may occur in severe cases
(bottom-right).

2.1.2. Filtering Suspicious Data

To compensate for the severe class-imbalance in the training set, we propose a method
that filters data with positive labels. The filtration networks introduced examine the
training set with positive labels only.

Given the uncorrupted validation dataset Dval and a classification network f : x 7→
p̂ ∈ ∆(Y), which takes values on the probability simplex over classes Y = {0, 1}, a noise
filtration network b( p̂) = wT p̂ was trained to minimize the logistic regression loss over
validation data (x, y). This ‘optimization’ is not to be regarded as a traditional ‘training’
procedure in that the filtration network does not contribute to the test accuracy and only
serves to detect mislabeled cases in the training set. Because the filtration network was
trained on data with clean labels, a well-trained filtration network would identify clean
positive data by predicting high values on positive images with clean labels and predicting
low values for suspiciously negative images.

The filtration network b( p̂) is trained at each validation step (one training epoch)
and is used to mask the loss values whenever noise is detected. Specifically, the gradient
descent step for the classification network is computed as

θ ← θ − η∇L(θ; x, y)1{b( p̂) ≥ τ} (1)

with learning rate η on training samples (x, y) and a threshold τ. The loss function L can
be any loss function that aims to classify objects (e.g., cross entropy). Our approach of
data filtration by examining the classifier’s confidence reduces negative effects caused by
incorrect annotations, outperforming curriculum learning-based strategies [28]. Note how
the time required to train the filtration network b( p̂) is negligible compared to that required
for the classifiers f , as both the input p̂ and parameter dimensions are substantially smaller
for b( p̂).
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2.2. Classification of Pathological Myopia

Pathologic myopia (PM) complicates the macula, peripheral retina, and optic nerve,
and it is the main cause of visual impairments and visual loss [31]. High myopia could
develop into pathologic myopia unless treated properly, and it must be diagnosed early-
on with regular follow-up screenings for intervention. We leveraged the generalization
capacity of CNNs to identify scarce patterns in the annotated dataset and efficiently crawled
cases with such patterns from the web.

2.2.1. Dataset

Twenty-six images of high myopia, 213 images of pathologic myopia, and 161 images
free of myopia, thereby for a total of 400 fundus images of the left eye from distinct
individuals, were released to the public as part of the PALM competition [29]. The reference
standard used to determine the presence of PM considers various factors including health
records, optical coherence tomography (OCT), visual test, and fundus images. All the
images were acquired from one fundus camera (Zeiss Visucam 500). Exemplar fundus
images for PM are shown in Figure 1.

We supplemented this small labeled set with unlabeled fundus images acquired from
publicly available datasets: Kaggle [32], Messidor [33], IDRiD [34], REFUGE [35], and
RIGA [36]. The total number of unlabeled fundus images was 91,509.

2.2.2. Reducing Annotation Cost with Active Learning

In contrast to standard DL datasets with millions of annotated samples, the PALM
dataset is far smaller with only 400 data and consists of even far fewer positive cases.
To compensate for the lack of data, we made use of publicly available unlabeled fundus
images as follows. Assuming the number of normal cases outnumber the number of
PM cases as typical across the general population with 0.9–3.1% among Asian ethnicities
and 1.2% among Australian ethnicities [37], we first assigned ‘normal’ pseudo-labels to
all unlabeled images and combined these images with the labeled dataset. This pseudo-
labeling procedure is analogous to datasets with noisy labels of which most images do not
contain PM and those with PM are incorrectly labeled as normal. The usage of pseudo-
labels was inspired by the excellent generalization capabilities of CNNs [24,25] that learn
meaningful patterns before overfitting to noise (e.g., incorrectly labeled data). After training
a classification network on this aggregated dataset for 10 epochs, we manually inspected
fundus images in which the network predicted PM class with confidence > 0.5 amounting
to 1229 images. Actively querying images with high confidence of PM cases significantly
reduced the number of images to inspect by 98.7% of the entire training set of 91,509 images.

After screening positive cases selected using the above procedure, fundus images in
the public datasets were assigned 1 for possible PM cases and 0 for others. The CNN was
then trained from scratch using this annotated public dataset and validated using labeled
data from the PALM competition.

2.2.3. Collection of Scarce Data

The model trained with the newly annotated data yielded relatively high performance
(0.9930), but false negative cases contained clear patterns of retinal detachment under-
represented in the training data. To supplement cases of retinal detachment, we crawled
related fundus images from two sources: retinal image bank [38] and Google image search
with keywords Retinal Detachment and Retinoschisis. Forty-five cases were collected in total
and added to positive cases for PM. A network trained with the labeled public datasets
was fine-tuned by training with the additional 45 images with a learning rate of 1 ×10−4.
This model achieved an AUROC of 0.9974 on the competition dataset, which is a 0.44%p
improvement over the initial model. More importantly, the model achieved 1.0 sensitivity
at threshold 0.5, classifying all cases of retinal detachment up to a rounding of the least
significant digit. We also experimented with test-time augmentation, averaging over pre-
dictions on 10 random perturbations (color perturbation and affine transform) on each
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image. However, the AUROC improved by only 0.02%p, suggesting that the model had
already been trained to make robust predictions on input variations.

2.2.4. Final Submission

We fine-tuned the network that achieved the AUROC of 0.9974 on the labeled compe-
tition dataset using all available data, i.e. pseudo-labeled public data and the newly added
rare cases. Thus far, the labeled competition dataset was not used in training and solely
used for validating the model. However, the labeled competition dataset was included to
the training dataset for the final submissions. The network was trained with a learning rate
of 3 ×10−5 until the AUROC on the labeled competition dataset reached 1.0. Snapshots of
the models at each epoch were saved to generate multiple submissions later. The model
was, of course, prone to overfitting to the labeled competition dataset. However, such
overfitting can help achieve high metric scores on the test data in the competition, especially
when the training and test data are sampled from similar or identical distributions. We
submitted two files each day as specified by the daily quota for submissions.

2.3. Image Preprocessing

For both tasks, we cropped and resized original fundus images into 512× 512 to
reduce memory usage when training. The resolution of 512× 512 was chosen to be a power
of 2 that was shown to maintain the performance of fundus analyses [39]. For each image,
the ocular area of a fundus image was spotted by first detecting the largest blob at the
center. The blob was defined as a group of connected pixels with intensities above 20 in
the red channel. For blob detection, measure module in skimage package in Python was
used. If there exists no blob in the center, the image was excluded from further processing.
The resized image was saved in an 8-bit color format. Finally, we normalized the pixel
intensities to a scale between 0 and 1 and neither used standardize per-instance statistics to
preserve color information nor w e standardized the images with population statistics as
they do not affect the true data distribution.

2.4. Training Details

For both tasks, we used a CNN architecture dedicated to analyses of fundus images [6],
which won the second place on the task of DR grading in IDRiD challenge [34] and the
first place on the glaucoma classification task in REFUGE challenge [35]. We used L2 loss
for the DR task and binary-cross entropy for the PM task. We did not use the guidance
loss in [6] that was designed to suppress activation outside the desired regions as specific
region masks did not exist for the classification of PM.

We maintained the same hyperparameters for training except for the learning rate and
the number of epochs. During training, the resized 512× 512 images were augmented by
affine transformation (flip, scaling, rotation, and translation) and random re-scaling of the
intensity for color transform. Weights and biases were initialized with Xavier initialization.
We used ADAM with a learning rate of 1×10−4 for the DR task and SGD with learning rate
of 1 ×10−3 and Nesterov momentum of 0.9 for the PM task. We oversampled the positive
images so that a minibatch maintains roughly the ratio of 1:1 for positive and negative
images. Batch sizes were set as 28 for the DR task and 32 for the PM task. No weight decay
was used.

3. Results
3.1. Classification of Referable Diabetic Retinopathy

We compare our method with state-of-the-art methods in Table 1 with respect to
AUROC on the test set under various noise ratios p. The same hyperparameters were used
for S-model [18] and Bootstrap [40] as given in their original papers. For Joint-learning [28],
prior regularization was excluded and the entropy regularization coefficient was set as 0.2
to balance the scale with a L2 loss. Our model achieved the best results when using p = 0.2
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and p = 0.4, and no significant improvements were observed when p = 0.6 and p = 0.8
for all methods.

Table 1. Comparison of test performance with various methods for handling noisy labels in referable
DR classification task. The final AUROC is shown. Bold digits are best results with margins greater
than 1%p.

Noise Level p 0 0.2 0.4 0.6 0.8

Baseline 0.9659 0.9489 0.6602 0.6345 0.6034
Baseline (val) 0.6060

S-model [18] - 0.9524 0.8892 0.6403 0.5953
Bootstrap [40] - 0.9482 0.6515 0.6297 0.6115

Joint-learning [28] - 0.9482 0.6521 0.6301 0.6113

Ours - 0.9654 0.9221 0.6357 0.6113

Baseline models were trained using the same hyperparameters on the train (Baseline)
and validation (Baseline, val) sets without injecting synthetic noise (noise level p = 0), and
their AUROCs on the test set are shown for reference. While the baseline model trained on
the training set without any label noise (p = 0) achieved the highest accuracy on the test
set, this model’s performance degraded rapidly with increasing noise levels p. In contrast,
our method achieved nearly the same test performance as this baseline model trained on
clean annotations even in the presence of relatively large p ∈ {0.2, 0.4} noise levels. On the
other hand, while the validation set was assumed to contain no noise, the baseline (val)
model achieved low performance due to the small number of data.

3.2. Classification of Pathological Myopia
3.2.1. Positive Case Mining

Out of 1229 supposedly PM cases, we screened positive cases that include tigroid pat-
terns, which are often observed in the eyes of myopic patients, and patches of chorioretinal
atrophy larger than the optic disc. There were 574 mined images in total, achieving the
yield of 46.7%. Examples of mined PM cases are shown in Figure 2.

We found that the augmentation of images plays vital roles for the network to impose
high prediction values onto PM cases. Otherwise, the network memorized labels for
individual images and meaningful stratification did not happen in the prediction values.

Figure 2. Examples of mined images for PM. Tigroid patterns are noticeable in the field of view of
the image and patches of chorioretinal atrohpy are prevalent near the optic disc.
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3.2.2. Model Trained with Mined Labels and Supplemented Data

The network yielded the AUROC of 0.9930 on the labeled competition dataset, which
was reserved for validation. When the prediction outputs were rounded, there existed nine
false-negative cases. All of them were fundus images of the retinal tear with the unclear
visibility of chorioretinal atrophy in the background, which were largely neglected in the
mined PM cases (Figure 3).

When trained after supplementing retina tear cases, the model improved AUROC
to 0.9974 on the labeled competition dataset. Even though the improvement was minor
(0.44%p), all false negative cases in the previous model were correctly classified as PM,
achieving sensitivity of 1.

Figure 3. False-negative PM cases of a model trained with publicly available fundus images labeled
in an active learning manner. Images with retinal detachment were mis-classified to non-PM as they
were not included enough in the mined labels.

3.2.3. Model Performance

Among several submissions, the best result was the AUROC of 0.9993 on the offsite
validation set with the AUROC of 1.0 on the labeled competition dataset. ROC curves on
the labeled competition dataset, or the training dataset by the competition, are shown in
Figure 4 for the three models, which were trained with: (1) mined labels; (2) mined labels
+ additional data for retinal detachment crawled from the web; and (3) all available data
including the labeled competition dataset. The final model achieved the best AUROC on
the offsite validation set and ranked first place in the competition.

Figure 4. ROC curves on the labeled competition dataset. The initial model was trained with
mined labels. The second model was fined-tuned from the initial model by adding cases for retinal
detachment to training data. The final model was improved from the second model by adding the
labeled competition dataset to training data. The final model achieved the best AUROC of 0.9993 on
the offsite validation set. AUROC is shown in brackets.
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4. Conclusions

We present a method for filtering noisy labels based on the classifier’s confidence and
an active learning approach based on pseudo-labels to use publicly-available unlabeled
data. Our noisy label filtration method enhanced the CNN’s performance of classifying
referable DR, outperforming existing methods in the presence of noisy data. Furthermore,
the model trained in the presence of label noise using our filtration method performed
comparably to when no synthetic noise was injected under various settings. By utilizing a
newly designed active learning scheme inspired by pseudo-labeling to efficiently discover
rare positive cases of PM, the model was able to efficiently discover unfamiliar patterns
present in the original small training set. After enlarging the original training set with
publicly available data and labeling those discovered using our algorithm, the model was
re-trained on the newly constructed dataset to attain an AUROC of 0.9993 on the PALM
competition, ranking first on the off-site validation set.

Our approach is applicable to practical clinical settings, where the development
of deep learning systems usually demand a large volume of labeled data. Retrieving
a large volume of labeled data may result in inaccurate annotations; efficient filtration
and correction of suspicious cases help improve the performance of CNNs. Moreover,
unprocessed medical data available on the web or electronic archives in hospitals can be
collected and annotated efficiently when negative cases substantially outnumber positive
cases. Finally, our experiments validate that adding a few positive cases can improve
a CNN’s classification performance considerably. Future work includes validating the
robustness of our algorithms on other data modalities, perhaps in problems with continuous
labels, under real-world environments.
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