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ABSTRAK

DETEKSI DIABETIC RETINOPATHY MENGGUNAKAN METODE

HYBRID INCEPTIONRESNETV2-KELM

Diabetic Retinopathy (DR) merupakan komplikasi penyakit Diabetes
Mellitus (DM) yang terjadi pada mata. DM tipe 1 dan DM tipe 2 keduanya
mengalami DR. Berdasarkan tingkat keparahannya DR dibagi menjadi stadium
mild DR, moderate DR, severe DR, dan proliferative DR. Deteksi secara manual
sulit dilakukan karena terdapat perbedaan yang cukup kecil antara normal dan DR,
sehingga sistem Computer-Aided Diagnosis (CAD) menjadi solusinya. Tujuan
penelitian ini adalah mendeteksi tingkat keparahan DR dengan cepat dan akurat,
sehingga penderita DR tidak sampai lebih parah yang dapat menyebabkan
kebutaan. Citra fundus digunakan untuk mengambil gambar fundus retina untuk
mendeteksi DR. Kumpulan data citra fundus pada penelitian ini menggunakan data
yang bersumber dari Mesindor. Pada data tersebut terdiri dari empat kelas yaitu
normal, mild DR, moderate DR, dan severe DR. Metode hybrid dari Convolutional
Neural Network (CNN) arsitektur InceptionResnetV2 dengan metode KELM.
InceptionResNetV2 digunakan sebagai ekstraksi fitur dan Kernel Extreme Learning
Machine (KELM) sebagai klasifikasinya mampu mendeteksi dengan sangat baik
dan waktu yang cukup efektif. Penelitian ini menggunakan uji coba parameter
KELM diantaranya menggunakan beberapa kernel seperti RBF, linear, polynomial,
dan wavelet. Selain itu, juga melakukan percobaan koefisien regulasi (C)
menggunakan 0.1, 1, 10, 100, dan 1000. Hasil menunjukkan nilai sensitivitas
tertinggi terletak pada percobaan kernel polynomial dan C = 10. Hasil evaluasi
menghasilkan sensitivitas sebesar 99.88%, akurasi 99.88%, spesifisitas 99.96%,
presisi 99.88%, dan f1-score sebesar 99.88%.
Kata kunci: Diabetes Mellitus, Diabetic Retinopathy, Convolutional Neural
Network (CNN), InceptionResNetV2, Kernel Extrem Learning Machine(KELM)
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ABSTRACT

DIABETIC RETINOPATHY DETECTION USING THE HYBRID

INCEPTIONRESNETV2-KELM METHOD

Diabetic Retinopathy (DR) is a complication of Diabetes Mellitus (DM)
that occurs in the eyes. Type 1 DM and type 2 DM both experience DR. Based on
the severity, DR is divided into stages of Mild DR, Moderate DR, Severe DR and
Proliferative DR. Manual detection is difficult because there are quite small
differences between normal and DR, so a Computer-Aided Diagnosis (CAD)
system is the solution. The aim of this research is to detect the severity of DR
quickly and accurately, so that DR sufferers do not get more severe, which can
cause blindness. Fundus images are used to take fundus images of the retina to
detect DR. The fundus image data collection in this study uses data sourced from
Mesindor. This data consists of four classes, namely normal, mild DR, moderate
DR, and severe DR. A hybrid method of the InceptionResnetV2 Convolutional
Neural Network (CNN) architecture with the KELM method. InceptionResNetV2
is used for feature extraction and the Kernel Extreme Learning Machine (KELM)
as a classifier is able to detect very well and quite effectively in time. This research
uses KELM parameter tests including using several kernels such as RBF, linear,
polynomial, and wavelet. Apart from that, we also conducted regulation coefficient
(C) experiments using 0.1, 1, 10, 100, and 1000. The results that showed the
highest sensitivity values were in the polynomial kernel experiment and C = 10.
The evaluation results produced sensitivity of 99.88%, accuracy of 99.88%,
specificity of 99.96%, precision of 99.88%, and f1-score of 99.88%.
Keywords: Diabetes Mellitus, Diabetic Retinopathy, Convolutional Neural
Network (CNN), InceptionResNetV2, Kernel Extreme Learning Machine (KELM)
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Çinar, A. and Yildirim, M. (2020). Detection of Tumors on Brain MRI Images using

the Hybrid Convolutional Neural Network Architecture. Medical Hypotheses,

139(February):109684.

Desai, M. and Shah, M. (2021). An Anatomization on Breast Cancer Detection

and Diagnosis Employing Multi-Layer Perceptron Neural Network (MLP) and

Convolutional Neural Network (CNN). Clinical eHealth, 4:1–11.



 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id 

153

Dutta, P., Upadhyay, P., De, M., and Khalkar, R. G. (2020). Medical Image

Analysis using Deep Convolutional Neural Networks: CNN Architectures and

Transfer Learning. Proceedings of the 5th International Conference on Inventive

Computation Technologies, ICICT 2020, pages 175–180.

Emin Sahin, M. (2022). Deep Learning-based Approach for Detecting Covid-19 in

Chest X-Rays. Biomedical Signal Processing and Control, 78(January):103977.

Foeady, A. Z., Novitasari, D. C. R., Asyhar, A. H., and Firmansjah, M. (2018).

Automated Diagnosis System of Diabetic Retinopathy using GLCM Method and

SVM Classifier. International Conference on Electrical Engineering, Computer

Science and Informatics (EECSI), 2018-Octob:154–160.

Fu’adah, Y. N., Pratiwi, N. C., Pramudito, M. A., and Ibrahim, N. (2020).

Convolutional Neural Network (CNN) for Automatic Skin Cancer Classification

System. IOP Conference Series: Materials Science and Engineering, 982(1).

Gan, L., Zhao, X., Wu, H., and Zhong, Z. (2021). Estimation of Remaining Fatigue

Life Under Two-Step Loading based on Kernel- Extreme Learning Machine.

International Journal of Fatigue, 148(February):106190.

Gayathri, S., Gopi, V. P., and Palanisamy, P. (2020). A Lightweight CNN for

Diabetic Retinopathy Classification from Fundus Images. Biomedical Signal

Processing and Control, 62(November 2019):102115.

Guillaume PATRY, Gervais GAUTHIER, B. L. J. R. D. E. M. F. A. D.

H. M. Messidor-2 - ADCIS — adcis.net. https://www.adcis.net/en/

third-party/messidor2/. [Accessed 25-08-2023].

Habib Raj, M. A., Mamun, M. A., and Faruk, M. F. (2020). CNN based Diabetic

https://www.adcis.net/en/third-party/messidor2/
https://www.adcis.net/en/third-party/messidor2/


 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id 

154

Retinopathy Status Prediction using Fundus Images. 2020 IEEE Region 10

Symposium, TENSYMP 2020, (June):190–193.

Hasan, M., Islam, M. M., Zarif, M. I. I., and Hashem, M. M. (2019). Attack

and Anomaly Detection in IoT Sensors in IoT Sites using Machine Learning

Approaches. Internet of Things (Netherlands), 7.

Hasnain, M., Pasha, M. F., Ghani, I., Imran, M., Alzahrani, M. Y., and Budiarto,

R. (2020). Evaluating Trust Prediction and Confusion Matrix Measures for Web

Services Ranking. IEEE Access, 8:90847–90861.

Hatua, A., Subudhi, B. N., Veerakumar, T., and Ghosh, A. (2021). Early Detection

of Diabetic Retinopathy from Big Data in Hadoop Framework. Displays,

70(4):102061.

Hayati, M., Muchtar, K., Roslidar, Maulina, N., Syamsuddin, I., Elwirehardja,

G. N., and Pardamean, B. (2022). Impact of CLAHE-based Image Enhancement

for Diabetic Retinopathy Classification Through Deep Learning. Procedia

Computer Science, 216(2022):57–66.

Hou, C., Li, Y., Chen, X., and Zhang, J. (2021). Automatic Modulation

Classification using KELM with Joint Features of CNN and LBP. Physical

Communication, 45:101259.

Hussein, I. J., Burhanuddin, M. A., Mohammed, M. A., Benameur, N.,

Maashi, M. S., and Maashi, M. S. (2022). Fully-Automatic Identification

of Gynaecological Abnormality using a new Adaptive Frequency Filter and

Histogram of Oriented Gradients (HOG). Expert Systems, 39(3):1–18.

Islam, M. Z., Islam, M. M., and Asraf, A. (2020). A Combined Deep CNN-LSTM



 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id digilib.uinsa.ac.id 

155

Network for the Detection of Novel Coronavirus (Covid-19) using X-ray Images.

Informatics in Medicine Unlocked, 20.

Jain, G., Mittal, D., Thakur, D., and Mittal, M. K. (2020). A deep learning

approach to detect Covid-19 coronavirus with X-Ray images. Biocybernetics

and Biomedical Engineering, 40(4):1391–1405.

Jena, M., Mishra, D., Mishra, S. P., and Mallick, P. K. (2023). A Tailored Complex

Medical Decision Analysis Model for Diabetic Retinopathy Classification based

on Optimized Un-Supervised Feature Learning Approach. Arabian Journal for

Science and Engineering, 48(2):2087–2099.

Ju, Y., Sun, G., Chen, Q., Zhang, M., Zhu, H., and Rehman, M. U. (2019). A

Model Combining Convolutional Neural Network and Lightgbm Algorithm for

Ultra-Short-Term Wind Power Forecasting. IEEE Access, 7:28309–28318.

Kamble, R. M., Kokare, M., Chan, G. C., Perdomo, O., González, F. A., Müller,
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