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PERBANDINGAN PRE-TRAINED CNN MODEL PADA KLASIFIKASI
PENYAKIT RETINA MATA

Theodore Alvin Hartanto

ABSTRAK

Pada era industri 4.0 saat ini, keberadaan kecerdasan buatan semakin diperlukan
pada berbagai bidang pekerjaan untuk meningkatan produktivitas dan efisiensi, ter-
masuk di bidang medis. Saat ini, masih terdapat bidang medis yang menggunakan
cara manual dalam proses diagnosis penyakit yang diderita oleh pasien, seperti di-
agnosis penyakit pada retina menggunakan hasil pemindaian Optical Coherence To-
mography (OCT). Setiap tahunnya, diperkirakan terdapat sekitar 30 juta peminda-
ian OCT yang dilakukan. Namun, proses analisis dan diagnosis hasil pemindaian
OCT oleh ophthalmologist memerlukan waktu yang cukup lama sehingga diper-
lukan machine learning agar dapat mempersingkat proses diagnosis penyakit pada
retina pasien dan mempercepat proses penanganan pasien. Dalam penelitian ini,
dilakukan perbandingan beberapa pre-trained model, antara lain EfficientNetBO,
ResNet50V2, InceptionV3, dan DenseNet-169. Pada model-model tersebut akan
dilakukan fine-tuning dan dilatih dengan dataset gambar hasil pemindaian OCT un-
tuk mengklasifikasikan empat kondisi retina, yakni Choroidal Neovascularization
(CNV), Diabetic Macular Edema (DME), drusen, serta normal. Model yang sudah
dilatih kemudian diuji untuk mengklasifikasikan gambar dataset uji dan hasilnya
dievaluasi dengan menggunakan confusion matrix untuk mendapatkan nilai per-
forma model (accuracy, recall, precision, fl-score). Terdapat dua skenario yang
diujikan pada masing-masing model, yaitu skenario penggunaan batch size sebe-
sar 32 dan 64. Nilai batch size menunjukkan jumlah sampel yang diproses dalam
sekali latih. Hasil penelitian menunjukkan bahwa model dengan hasil klasifikasi ter-
baik pada skenario pengujian batch size 32 adalah model ResNet50V2 dengan nilai
accuracy sebesar 98.24%, precision sebesar 98.25%, recall sebesar 98.24%, serta
fl-score sebesar 98.24%. Sementara pada skenario pengujian batch size 64, model
EfficientNetBO merupakan model dengan hasil klasifikasi terbaik dengan nilai ac-
curacy sebesar 96.59%, precision sebesar 96.84%, recall sebesar 96.59%, serta fI-
score sebesar 96.59%. Dengan demikian, dapat disimpulkan bahwa pre-trained
CNN model dengan hasil klasifikasi penyakit retina mata terbaik diantara diantara
EfficientNetB0, ResNet50V2, InceptionV3, dan DenseNet-169 adalah ResNet50V2
dengan batch size sebesar 32 berdasarkan pertimbangan nilai performa model yang
terbaik diantara kedua skenario yang diujikan.

Kata kunci: Convolutional Neural Network, fine-tuning, klasifikasi, pre-trained
model, Optical Coherence Tomography, retina mata
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COMPARISON OF PRE-TRAINED CNN MODELS ON THE
CLASSIFICATION OF RETINAL DISEASES

Theodore Alvin Hartanto

ABSTRACT

In the current industry 4.0 era, the existence of artificial intelligence is increasingly
needed in various fields of work to increase productivity and efficiency, including
in the medical field. Currently, there are still medical fields that use manual meth-
ods in the process of diagnosing diseases suffered by patients, such as diagnosing
diseases of the retina using the results of Optical Coherence Tomography (OCT)
scans. Annually, it is estimated that around 30 million OCT scans are performed.
However, the process of analyzing and diagnosing OCT scan results by an ophthal-
mologist requires a long time so machine learning is needed in order to shorten the
process of diagnosing diseases in the patient’s retina and speed up the process of
treating patients. In this study, several pre-trained models were compared, includ-
ing EfficientNetB0, ResNet5S0V2, InceptionV3, and DenseNet-169. These models
will be fine-tuned and trained with a dataset containing OCT scanned images to
classify four retinal conditions, namely Choroidal Neovascularization (CNV), Dia-
betic Macular Edema (DME), drusen, and normal. The model that has been trained
is then tested to classify the test dataset images and the results are evaluated using
a confusion matrix to obtain model performance values (accuracy, recall, precision,
f1-score). There are two scenarios tested in each model, namely the scenario using
a batch size of 32 and 64. The batch size value indicates the number of samples
processed in one training. The results showed that the model with the best classi-
fication results in the batch size of 32 scenario was the ResNet50V2 model with
an accuracy value of 98.24%, precision of 98.25%, recall of 98.24%, and f1-score
of 98.24%. While in the batch size of 64 scenario, the EfficientNetBO model is
the model with the best classification results with an accuracy value of 96.59%,
precision of 96.84%, recall of 96.59%, and f1-score of 96.59%. Thus, it can be
concluded that the pre-trained CNN model with the best retinal disease classifica-
tion results among EfficientNetB0, ResNet50V2, InceptionV3, and DenseNet-169
is ResNet50V2 with the batch size of 32 based on the consideration of the best
model performance value between the two scenarios tested.

Keywords: classification, Convolutional Neural Network, fine-tuning, pre-trained
model, Optical Coherence Tomography, retina
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