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Abstract: Advancements in artificial intelligence (Al) have significantly enhanced the ability to generate realistic deepfake videos, raising
concerns about their potential misuse in domains such as political misinformation and cybercrime. To address this issue, our research presents
a deep learning-based approach utilizing LBPNET, which integrates Local Binary Patterns (LBP) with Convolutional Neural Networks
(CNNs). The proposed methodology involves extracting LBP features from images, training a CNN using these features, and developing a
model capable of differentiating between real and fake images. The model is rigorously tested to evaluate its effectiveness in deepfake detection.
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ILINTRODUCTION

The rapid evolution of deepfake technology has made it increasingly difficult to detect manipulated images and videos.
Various methods are available for identifying deepfake content, such as analyzing inconsistencies in facial structures, lighting
anomalies, and unnatural eye-blinking patterns. Additional indicators include discrepancies between facial expressions and audio
cues. Advanced deep learning models, including CNNs and RNNSs, are widely utilized for deepfake detection. Supplementary
techniques such as metadata analysis, reference data comparison, and blockchain-based authentication further strengthen the
verification process. Although Al-driven tools are highly effective, human intervention remains crucial for detecting subtle
anomalies that automated systems may overlook. A hybrid approach integrating Al-based detection with human oversight
provides a more robust solution for deepfake identification.

ILMETHODOLOGY

The proposed approach, illustrated in Figure 1, involves analyzing deepfake images sourced from both authentic and
manipulated facial datasets. The dataset is divided into 90% training and 10% testing sets. The LBP method is optimized to
enhance accuracy, and the CNN model is trained using these extracted LBP features. The performance of the trained model is
then evaluated using the test data.
Steps in Model Development: Dataset Preparation: Collection of real and manipulated facial images.
Data Splitting: 90% of the dataset is used for training, and 10% for testing.
Feature Extraction: Application of the LBP method to improve accuracy.
Neural Network Training: CNN is trained using extracted LBP features.

Model Evaluation: Performance is validated using unseen test images.

I1I.MODELING AND ANALYSIS
Hardware Requirements: Processor: Dual-Core
RAM: 2 GB
Storage: 5 MB Hard Disk Space

Software Requirements: Python: A high-level, object-oriented programming language known for its dynamic typing,
automatic memory management, and extensive library support, maintained by the Python Software Foundation.

The dataset used for model training and evaluation was obtained from Kaggle, contributed by Yonsei University’s
Department of Computer Science. It consists of manually labeled real and fake facial images, including:
133 real images
165 fake images
Local Binary Patterns (LBP): Local Binary Patterns (LBP) is a powerful texture descriptor widely used in computer vision
tasks. It labels pixels based on their neighborhood values, generating binary numbers for classification. The LBP operator is
highly effective due to its robustness against monotonic grayscale variations caused by illumination changes. Additionally, its
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computational simplicity makes it ideal for real-time applications.

IV.RESULTS AND DISCUSSION

Our study employs LBPNET, a CNN-based architecture incorporating LBP features for deepfake detection. The process
involves:
Feature Extraction: LBP features are extracted from images.
Model Training: CNN is trained using extracted descriptors.
Testing & Classification: The trained model classifies images as real or fake.

The model achieved high accuracy in detecting fake images, demonstrating its effectiveness. Further improvements can
be achieved by expanding the dataset and periodically retraining the model. Additionally, real-time user testing can refine the
model’s performance by enabling it to adapt to new deep fake variations.

V.CONCLUSION
This research presents a deepfake detection approach utilizing a Common Fake Feature Network (CFFN) with pairwise
learning. The CFFN integrates cross-layer feature representations into fully connected layers, significantly improving the
precision and recall rates for identifying manipulated images. Experimental evaluations demonstrate that the proposed model
surpasses conventional deepfake detection techniques. By leveraging pairwise learning, the model can effectively adapt to
emerging deepfake trends, making it a valuable tool in digital forensics and media integrity verification.
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