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KLASIFIKASI DEEPFAKE PADA GAMBAR WAJAH MENGGUNAKAN
ENSEMBLE DEEP LEARNING DENGAN PENDEKATAN WEIGHT LOSS

AVERAGING

Arvin Winardi

ABSTRAK

Kemajuan teknologi deepfake telah menimbulkan tantangan signifikan dalam
menjaga integritas informasi digital. Penelitian ini mengusulkan sistem klasifikasi
deepfake pada gambar wajah menggunakan pendekatan ensemble deep learning
dengan metode weighted averaging. Empat model individu digunakan dalam
ansambel: Custom CNN, ResNet50, Xception, dan EfficientNet-B4. Dataset
yang digunakan adalah 140k Real and Fake Faces dari Kaggle, dengan partisi
data pelatihan, validasi, dan pengujian sebesar 100.000, 20.000, dan 20.000
gambar. Setiap model dilatih secara independen dan dievaluasi menggunakan
metrik Akurasi, Presisi, Recall, F1-Score. Hasil eksperimen menunjukkan bahwa
model ansambel menghasilkan akurasi sebesar 96.87%, lebih tinggi dibandingkan
model individual terbaik (Xception, 95.83%). Evaluasi cross-dataset menggunakan
DeepFakeFace menunjukkan bahwa meskipun akurasi menurun menjadi 50%,
ansambel tetap menunjukkan kinerja generalisasi yang lebih baik dibandingkan
model tunggal. Penelitian ini menunjukkan bahwa pendekatan ensemble dengan
arsitektur yang beragam dapat meningkatkan akurasi dan keandalan sistem deteksi
deepfake.

Kata kunci: Deepfake, Image Detection, Ensemble Learning, Weighted Averaging,
CNN
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CLASSIFICATION OF DEEPFAKES IN FACIAL IMAGES USING DEEP
LEARNING ENSEMBLE WITH WEIGHT LOSS AVERAGING

APPROACH

Arvin Winardi

ABSTRACT

The advancement of deepfake technology poses significant challenges in preserving
the integrity of digital information. This study proposes a facial image deepfake
classification system using an ensemble deep learning approach with weighted
averaging. Four individual models were employed in the ensemble: Custom CNN,
ResNet50, Xception, and EfficientNet-B4. The dataset used was the 140k Real and
Fake Faces from Kaggle, partitioned into 100,000 training, 20,000 validation, and
20,000 test images. Each model was trained independently and evaluated using
Accuracy, Precision, Recall, F1-Score. Experimental results show that the ensemble
model achieved an accuracy of 96.87%, outperforming the best individual model
(Xception, 95.83%). Cross-dataset evaluation on DeepFakeFace demonstrated
that although the accuracy dropped to 50%, the ensemble still exhibited superior
generalization performance compared to single models. This research highlights
that ensemble methods with diverse architectures can enhance the accuracy and
reliability of deepfake detection systems.

Keywords: Deepfake, Image Detection, Ensemble Learning, Weighted Averaging,
CNN
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