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ABSTRACT

Many people suffer from diabetic retinopathy, which is most common among working-age adults. The resources available to detect diabetic retinopathy are
limited, and in rural regions, it is quite challenging. Several scientific and medical procedures are available to screen and detect this disease, although the majority
of detections are made utilizing retinal fungal imaging. The goal is to have the ability to automatically screen photos for diabetic retinopathy. This will be
accomplished by developing a mobile application that uses a machine learning model and fundus pictures to assess the patient's level of blindness based on an
examination of the eye image. This technique will help to reduce time while screening for diabetic retinopathy.
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Introduction

Diabetes is a chronic organ ailment characterized by high blood sugar levels. diabetes retinopathy is a primary cause of vision loss in diabetes
individuals and results from long-term damage to the blood vessels of the human eye. Diabetes is often classified into two types: non-proliferative and
proliferative diabetic retinopathy. The first phase of DR is NPDR, in which blood vessels begin to deteriorate and leak more fluid into the eye. This
phase comprises microaneurysms (red dots), exudates (fatty tissue drops), and hemorrhages (small blood spots that leak into the retina). Proliferate
Diabetic Retinopathy is a condition in which the retina's blood veins shut, reducing blood flow. PDR causes deterioration to both peripheral and central
vision, resulting in significant vision loss. Al is a potentially scalable solution for DR screening. It serves to lessen the manual strain on
ophthalmologists and overcome the barriers associated with teleophthalmology. Recent breakthroughs in machine learning and convolutional neural
networks have enabled large-scale data analysis, pattern recognition, and report generation. Al algorithms created for DR screening (such as Google Al,
EyeArt, and IDxDR) run on cloud-based platforms. The collected photographs are submitted online, and the algorithm returns an output within a
reasonable amount of time. These methods are not widely used in low- and middle-income countries because to restricted internet access or capacity.In
addition, most cameras integrated with Al software are the traditional expensive, large fundus cameras which require the operator to capture a dilated
retinal image.
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Existing Methodology vs Proposed Methodology

Implementation

Existing work Proposed work

In previous research,
implementation was done
using Inception version 3.

Overall output accuracy is
88.4%

In existing, the dataset used is
of 400 1mages which is
limited.

This is implemented using C
language.

For android application,
tensorflow lite is used and for
I0S, core ML model is used.

Here, the implementation is
done using ResNet50.

Here, overall output accuracy
is gained to 98.8%

Here, the image dataset is
increased to around 3500
images which helps in
predicting more accurately.

This is implemented using
Python language.

Here, tensorflow lite is used
for android application as well
as [OS.

Fig. 2. Differentiation of proposed methodology compared to existing methodology
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Methodology

This representation illustrates the labeling of diabetic retinopathy as well as the number of photos per class. The dataset represents the input dataset
provided to the system. The standard scalar approach is used to resize and reset many images at a single scale. PCA is used to extract features from
photos. The next stage demonstrates image categorization using ResNet50. The output will display the detected diabetic retinopathy.
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Fig. 4.Methodology
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Fig. 5. Confusion Matrix

This picture is given to provide a better understanding of the confusion matrix, which contains four primary parameters.

TP (True Positive) - If the input image is No DR and it extracts features from No DR and the model predicts No DR, it is a true positive.

FP (False Positive) - If the given input is No DR and it extracts the properties of No DR, but it also returns another result, it is a false positive.

FN (False Negative) - Here, the input image is No DR, and when given as input, it extracts features of moderate DR and returns anything other than NO
DR. It's termed a false negative.

TN(True Negative) - Here, input image is No DR and when given as input, if it extracts features of moderate DR yet if it gives output of No DR then is
called true negative.
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Model Specifications

Model

[ 1 def create_model(input_shape, n_out):
input_tensor = Input(shape=input_shape)
base_model = applications.ResNetse(weights=Xone,
include_top=False,
input_tensor=input_tensor)
base_model.load_weights('../input/resnetse/resnetse_weights_tf_dim_ordering_tf kernels_notop.hs')

= GlobalAveragePooling2D() (base_mcdel.output)

= Dropout(2.5)(x)

= Dense(20848, activation='relu')(x)

= Dropout(8.5)(x)

final_output = Dense(n_out, activation='softmax’, name='final_output')(x)
model = Model{input_tensor, final_ocutput)

HoM oKX
1

return model

[ 1 model = create_model(input_shape=(HEIGHT, WIDTH, CANAL), n_out=N_CLASSES)

for layer in model.layers:
layer.trainable = False

for i in range(-5, @):
model.layers[i].trainable = True

metric_list = ["accuracy"]

optimizer = cptimizers.Adam(1lr=WARMUP_LEARNING_RATE)

model.compile(optimizer-optimizer, loss="categorical_cressentropy”, metrics=metric_list)
model. summary()

Fig. 6.Model Input

~ Train top layers

= train_generator.n//train_generator.batch_size
= valid_generator.n//valid_generator.batch_size

history_warmup = model.fit_generator(generator=train_generator,
steps_per_epoch=STEP_SIZE_TRAIN,
validaticn_data=valid_generator,
validation_steps=STEP_SIZE_VALID,
epochs=WARMUP_EPOCHS,
verbose=1).history

Epoch 1/2
366/366 [ ] - 5255 1s/step - loss: 1.2831 - acc: 8.6276 - val_loss: 3.6946 - val_acc: ©.4529
Epoch 2/2
366/366 [ 1 - 374s 1s/step - loss: ©.8092 - acc: 2.7001 - val_loss: 4.2149 - val_acc: @.4586

Fig. 7. Training

for layer in model.layers:
layer.trainable = True

es = Earlystepping(monitor='val_loss'
rlrop = ReduceLROnPlateau(monitor=

mode="min', patience=ES_PATIENCE, restore_best_weights=True, verbose=1)
0ss’, mode="min', patience=RLROP_PATIENCE, factor=DECAY_DROP, min_lr=1e-&, verbose=1)

callback_list = [es, rlrop]

optimizer = cptimizers.Adam(lr=LEARNING_RATE)

model.compile(optimizer=optimizer, loss="binary_crossentropy”, metrics=metric_list)
model. summary ()

Fig. 8.Fine-tuning
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Fig. 10.This shows change in validation loss and training loss according to increase in epochs.

Screenshots of Mobile Application

Fig. 11.Screenshots of mobile application

5:30 X 66Rm 5:34 Al 66%8
% %

Click Here To Select Image From Camera
Click Here To Select Image From Camera

Click Here To Select Image From Gallery
Click Here To Select Image From Gallery

Classify Image
Classify Image

[{confidence: 0.9990611672401428, index: 2, label: 2
[{confidence: 0.9853513240814209, index: 1, label: 1 Mild}] Moderate}]

11l ()] <



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 15841-15846 15846

Conclusion
Detected DR utilizing a mobile phone. ResNet50 is a convolutional neural network that classifies diabetic retinopathy into five stages. This model uses
approximately 3500 photos for training, testing, and validation. After that, this model is transformed into a mobile application using Flutter, which can

run on Android. This outcome yields 98.8 percent accuracy.
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