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Abstract. Diabetes has significant effects on the human body, one of which is
the increase in the blood pressure and when not diagnosed early, can cause severe
vision complications and even lead to blindness. Early screening is the key to
overcoming such issues which can have a significant impact on rural areas and
overcrowded regions. Mobile systems can help bring the technology to those in
need. Transfer learning based Deep Learning algorithms combined with mobile
retinal imaging systems can significantly reduce the screening time and lower the
burden on healthcare workers. In this paper, several efficiency factors of Diabetic
Retinopathy detection systems based onConvolutionalNeuralNetworks are tested
and evaluated for mobile applications. Two main techniques are used to measure
the efficiency of DL based DR detection systems. The first method evaluates the
effect of dataset change, where the base architecture of the DL model remains
the same. The second method measures the effect of base architecture variation,
where the dataset remains unchanged. The results suggest that the inclusivity of
the datasets, and the dataset size significantly impact the DR detection accuracy
and sensitivity. Amongst the five chosen lightweight architectures, EfficientNet-
based DR detection algorithms outperformed the other transfer learning models
along with APTOS Blindness Detection dataset.

Keywords: Diabetic Retinopathy · Deep Learning · Transfer Learning ·
Convolutional Neural Networks ·Mobile Use

1 Introduction

Diabetes mellitus is a set of metabolic illnesses distinguished by hyperglycemia caused
by abnormalities in insulin production, insulin action, or perhaps both [1]. Diabetes
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causes long-term significant harm, malfunction, and breakdown of multiple organ sys-
tems, including the eyes, kidneys, nerves, heart, and blood vessels [1]. One of the
most common types of eye complications associated with Diabetes Mellitus is Dia-
betic Retinopathy (DR), and it is considered a major cause of visual loss worldwide [2].
Early detection/screening is the key to preventing blindness from DR, since this illness
in its early stages is asymptomatic [3]. With the growth of Deep Learning (DL) methods
such as Convolutional Neural Networks (CNNs), various stages of DR can be detected
automatically, assisting in detecting more cases in mass screenings. There are several
challenges in regions with restricted eye health services access, like underdeveloped
and overcrowded regions. A mobile-based automatic DR detection system can be used
to overcome these challenges. In this paper, several different CNN-based models are
investigated, and their efficiency is compared for mobile DR detection systems.

2 Related Work

There are several state-of-the-art techniques to detect DR formobile use. In 2018, a CNN
method based on a pre-trained MobileNet model was trained on Kaggle DR Detection
Dataset with 16,798 fundus images and tested to detect the presence of DR, which
did not need an internet connection [4–6]. By using this system, authors were able to
achieve approx. 0.73 accuracy score, and their results suggest that their model compared
to earlier Inception and VGGNet counterparts was 4 times lighter [6–8]. In the same
year, as another essential indicator of DR, researchers applied Optic Nerve Head (ONH)
detection method based on Radon Transform for the Android smartphone application
with the use of images taken with D-EYE lenses attached to a smartphone [9, 10].
This method was able to reach approx. 0.96 and 1.00 accuracy scores for STARE and
DRIVE datasets, respectively [10–12]. An automated mobile DR diagnosis system was
introduced in 2019 based on the pre-trained Inception CNN model and a decision tree-
based binary ensemble classifier [7, 13]. Themethod proposedwas trained onKaggleDR
Detection Dataset with 1000 images and was able to classify DR into 5 different classes
with an accuracy score of 0.99 [5, 13]. In another study, cloud computing and big data
analytics are employed aside frommobile DR detection with AI [14]. The authors used a
Deep Convolutional Neural Network (DCNN) for training, followed by a Support Vector
Machine (SVM) for classification. Also, they created their mobile application called
“Deep Retina” to use with a handheld ophthalmoscope [14]. Results depict that, for
binary classification the system’s accuracy was higher than the multi-class classification
techniquewith approx. 0.91 and 0.86, respectively [14]. In a 2020 study, authors explored
the fine-tuning effects after the CNN architecture with MobileNetV2 for DR detection
[15, 16]. Their outcomes resulted in an increase of 0.21 in training and 0.31 in validation
accuracy (from 0.7 to 0.91 and from 0.5 to 0.81 correspondingly).]. Another effective
mobile application implementation was using the EfficientNet-B5 based CNN model
for DR detection and classification into 5 labels, where the authors achieved a training
accuracy value of approx. 0.94 and Quadratic Weighted Kappa value of 0.93 [17, 18].
In 2021, researchers introduced a new DL-based software called VeriSee™ for image
analysis and validated its use for DR severity classification [19, 20]. The VeriSee™
software achieved higher sensitivity and specificity than the ophthalmologists [19, 20].
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These results indicated that it could be viable for clinical use in ophthalmology. Around
this time, another team tested the use of Phelcom Eyer Technology, a smartphone-based
DR detection system, integrated with CNN based software algorithm PhelcomNet was
also able to achieve high sensitivity and specificity results and an Area Under Curve
(AUC) score of 0.89 [21, 22]. Their research gave a real-life example of portable retinal
imaging systems combined with DL algorithms for patients enrolled in the Itabuna
DiabetesCampaign inBrazil [22]. In a recent study, aDiabeticRetinopathyGraphNeural
Network, in other words, the DRG-NET model was introduced for DR grading and
trained with public datasets such as APTOS 2019 Blindness Detection and MESSIDOR
datasets [23–25]. In this network, the input images are given as nodes, which are 3D
graphs, and Scale Invariant Feature Transform methods feature extraction is performed
[25]. Using this technique, the authors reached accuracy scores of 0.9954 and 0.9984,
respectively, according to the datasets [25]. Another approach in 2022 was to test the
efficiency of the NasnetMobile network with a multi-layer perceptron (MLP) classifier
on 440 fundus images taken with smartphone-based systems [26, 27]. With this light
algorithm, on low-quality images (compared to table-top fundus camera images), they
achieved a high accuracy value of around 0.96 in a fast mobile execution time of less
than a minute [27].

3 Methods

In this paper, two different methods were applied to test the smartphone-based appli-
cations of DL methods for DR detection. The first three public DR detection datasets
were pre-processed, and data augmentation was applied and later trained and tested with
MobileNet pre-trained model [4]. The second method used the same preprocessing and
data augmentation techniques; however, only one chosen dataset was trained with five
different CNN-based transfer learning architectures and tested for mobile use.

3.1 Datasets

The datasets used in the paper are: APTOS 2019 Blindness Detection [23], IDRID [28],
and MESSIDOR [24] datasets. From the APTOS dataset, a total of 3662 fundus images
were used. Whereas, we used all images from the IDRID and MESSIDOR datasets, 516
and 1200 images respectively. The APTOS and IDRID datasets included similar image
classes, which had five distinct labels such as: 0 - No DR, 1 - Mild DR, 2 - Moderate
DR, 3 - Severe DR, and 4 - Proliferative DR [23, 28].

As per the MESSIDOR dataset, the classification labels did not include the pro-
liferative DR (PDR), thus were labeled from 0–3 with the following distinction
[24]:

• 0 - When both microaneurysm AND hemorrhage numbers are zero
• 1 - When microaneurysm numbers are between 0- 5 (including 5) AND hemorrhage
numbers are zero

• 2 - When microaneurysm numbers are between 5–15 OR hemorrhage numbers are
between 0–5 AND neovascularization is not found
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• 3 -Whenmicroaneurysm numbers are equal ormore than 15OR hemorrhage numbers
are equal or more than 5 OR neovascularization is found

3.2 Pre-processing and Data Augmentation

For pre-processing of several images and testing, first both training and validation images
were resized to 224x224 pixels in order to fit into the MobileNet model, as the original
dataset contained pictures with varying pixel sizes, later the images were changed to
grayscale, and cropped. CLAHE, which stands for contrast limited adaptive histogram
equalization, was also applied after cropping. As the dataset sizes are small on all three
chosen public datasets, data augmentation was employed to avoid overfitting, which
utilized a zooming factor of 0.035 and rotation range of 0.025. In order to keep a similar
appearance to fundus images they were not flipped. For training and testing all datasets
were split with 80–20 split percentage.

3.3 CNN Architectures

Transfer learning is the use of prior knowledge from another task to apply it to a newer
problem. Here five different pre-trained models were employed as part of transfer learn-
ing to increase the accuracy of DR detection methods. These pre-trained models were
MobileNet [4], MobileNetV2 [15], EfficientNetB0 [17], EfficientNetV2B0 [29], and
NasNetMobile [26]. The reason behind this selection is that according to Keras applica-
tions, these models have the least model size, meaning they are lighter weight compared
to other pre-trainedmodels,whichwas taken as an indicator of fastermobile applications.

All the models were tested three times. First, without fine-tuning and a smaller
added dense layer structure where on top of the pre-trained MobileNet model several
sequential dense layers were added. The first two layers are global_average_pooling2d,
flatten, Then two dense layers are added with (None, 32) output shape and ReLU acti-
vation function, followed by a dropout layer, and finally a dense layer with (None, 5)
output shape with sigmoid activation function since there were 5 different DR classes.
Except for the MESSIDOR dataset, where there are four different DR classes, thus
the last layer had (None, 4) output shape with a sigmoid activation function. As an
optimizer, adam was chosen and for the loss function several were employed such as
mse, categorical_crossentropy, and binary_crossentropy. This model was denoted as
Model-1.

The second model, Model-2, has a slightly bigger architecture for dense. In this
model, similar to Model-1, sequential layers were added on top of the MobileNet. These
layers start with global_average_pooling2d, flatten and then continues with dense layers
starting from (None, 256) output shape and ReLU activation function, followed by a
dropout layer, continually adding dense layers that has the output shape halved in each
layer until to the last dense layer with (None, 5) output shape with sigmoid, as before.

The third model, named Model-FT, first applied fine-tuning by setting the trainable
layer true and after the samemodel structure asModel-1 was used, which hadMobileNet
as a pre-trained model.
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3.4 Evaluation Metrics

This paper utilizes AUC score, and Receiver Operator Characteristic (ROC) values,
Training time in addition to the basic DL evaluation metrics like Accuracy, Loss,
Sensitivity, and Specificity.

The ratio of true predictions to total outputs is known as accuracy, and it may be
expressed as [30]:

TP+ TN

TP + TN+ FP+ FN
(1)

Sensitivity is also known as Recall or True Positive Rate, and it has the following
formula [30]:

TP

TP + FN
(2)

The True Negative Rate is also known as Specificity, and it contains the following
formula [30]:

TN

TN + FP
(3)

Loss value comes from the loss function, or in other words, the cost function, which
boils down all of the positive and negative characteristics of a potentially complicated
system to a scalar value, between 0–1, that can be used to rank and compare viable
solutions [31].

ROC plots are 2D graphs with the true positive (TP) rate on the Y axis and the false
positive (FP) rate on the X [32]. The relative tradeoffs between gains (TP) and costs (FP)
are depicted on a ROC plot [32].

AUC Score, or area under a ROC curve, is a numerical value that quantifies a binary
classifier’s current effectiveness and ranges between 0.5–1.0 [33].

4 Results

As explained above, there are two main methods used to detect the effectiveness of
DR detection algorithms. First, the dataset used to train the algorithm influences the
evaluation metrics; second, the pre-trained model is based on architecture, and that has
a different impact on the results. Lastly, the added layers on the model or whether the
model include fine-tuning or not can change the effectiveness of the DL method used.

In Table 1 below, it is possible to see that the highest mean values for accuracy,
sensitivity, specificity, and AUC were with the use of the APTOS dataset. In fact, in
terms of sensitivity and AUC values, there is a notable drop for the MESSIDOR dataset.
This drop might be due to the difference in the number of training images and the
representation of different classes. The APTOS dataset included more than triple the
number of images of the MESSIDOR dataset and more than 7 times higher than the
IDRID dataset. Thus, we can see that the average training time is also higher compared
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Table 1. Comparison of mean evaluation metrics by dataset types

APTOS IDRID MESSIDOR

Accuracy 0.880 0.803 0.750

Loss 0.084 0.147 0.174

Sensitivity 0.966 0.909 0.511

Specificity 0.994 0.849 0.815

AUC 0.894 0.700 0.649

Time (min) 62.633 8.056 14.250

to other dataset types. The loss value of APTOS is considerably lower than IDRID and
MESSIDOR models, which means that the average loss over time is smaller.

Table 2 depicts that, in general, EfficientNets perform higher than MobileNets, fol-
lowed by NasNetMobile for the APTOS dataset. However, on the contrary, the mean
training time is much lower for MobileNets compared to EfficientNets. In terms of sen-
sitivity and AUC scores, there was a significant decrease in NasNetMobile models. The
explanation is that fine-tuning did not perform well with this network, thus decreasing
the average values.

Table 2. Comparison of mean evaluation metrics by architecture types.

EfficientNetB0 EfficientNetV2B0 MobileNet MobileNetV2 NasNetMobile

Acc. 0.903 0.902 0.880 0.850 0.841

Loss 0.072 0.074 0.084 0.124 0.126

Sens. 0.987 0.979 0.966 0.829 0.668

Spec. 0.997 0.995 0.994 0.958 0.946

AUC 0.933 0.929 0.894 0.824 0.753

T (min) 96.589 70.228 62.633 67.745 123.378

Acc. is short for Accuracy, Sens. is short for Sensitivity, Spec. is short for Specificity, AUC stands
for Area Under Curve, and T (min) is to express the training time given in minutes.

Effects of differentmodel testing are given inTable 3,wheremodelswith theModel-1
structure, which had a smaller structure on top of MobileNet and did not include fine-
tuning, overall achieved the highest sensitivity values. However, there was generally no
significant difference in terms of accuracy, loss, and AUC scores. As per the specificity,
Model-2, where a larger model was used on top of MobileNet and did not include fine-
tuning, showed the highest average value with being slightlymore thanModel-1. Aswell
as, mean training time was the least with the Model-2. In this metric, the mean values
are highly variable depending on the dataset size as well, however in terms of models,
fine-tuning significantly increases the training time, more than triple that of Model-2,
which shows the fastest method.
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Table 3. Comparison of mean evaluation metrics by model types.

Model-1 Model-2 Model-FT

Accuracy 0.811 0.810 0.811

Loss 0.135 0.136 0.134

Sensitivity 0.853 0.790 0.744

Specificity 0.887 0.892 0.879

AUC 0.748 0.747 0.748

Time (min) 25.244 13.000 46.695

Overall, the highest ROC values were achieved with the APTOS dataset. For the
EfficientNet-based models, the Model-1 structure achieved the highest ROC values
shown in Fig. 1, given below.

Fig. 1. ROCvalues achievedwith APTOS 2019Blindness Detection Dataset with EfficientNetB0
base, Model-1.

The second best results were achieved with MobileNet based architecture with the
APTOS dataset and fine-tuning model (Model-FT), which can be seen in Fig. 2. Com-
pared to the MobileNet, EfficientNetB0 was able to identify all the classes effectively,
whereas the MobileNet did not perform at a similar level for Class 1, Class 3 and Class
4. In comparison, EfficientNetV2B0, a lighter version of EffficientNets, did not perform
higher than EfficientNetB0.
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Fig. 2. ROC values achieved with APTOS 2019 Blindness Detection Dataset with MobileNet,
Model-FT.

5 Conclusion

Overall, testing results show that EfficientNet-based DR detection algorithms perform
better in terms of DR severity detection along with APTOS 2019 Blindness Detection
dataset, even though this dataset was not distributed equally. However, they significantly
take more time to train compared to MobileNets. For comparison of various models,
fine-tuning might contribute to higher outcomes although significantly increasing the
training time.
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