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Abstract - Presentation assaults, or face spoofing, are a
growing threat to biometric security systems. These attacks
use fake facial inputs like 3D masks, videos, or photos to
deceive facial recognition algorithms. As facial recognition
becomes central to banking, access control, and mobile
security, robust spoofing detection is vital. This research
proposes using ResNet-18, a lightweight and effective
convolutional neural network (CNN), for advanced face
spoofing detection. ResNet-18’s residual learning structure
enables precise extraction of deep facial features,
distinguishing genuine users from attackers even in
sophisticated spoofing attempts. Its lightweight design ensures
real-time deployment in security applications without
compromising efficiency. Validated on multiple datasets, the
ResNet-18-based model consistently outperforms traditional
techniques, offering higher accuracy and robustness across
various attack scenarios. This approach underscores the
potential of deep learning to enhance the reliability of facial
recognition systems, ensuring secure, real-time detection in
practical environments.
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1.INTRODUCTION

Facial recognition systems are increasingly integrated into
modern security applications, such as mobile devices,
banking authentication, and access control. However, the
rapid adoption of these technologies has given rise to
presentation assaults, or face spoofing, where adversaries
use counterfeit inputs like 3D masks, videos, or photographs
to deceive the system. These attacks pose a significant threat
to the integrity of biometric security, necessitating robust
and reliable detection = mechanisms. Effective
countermeasures must distinguish genuine users from
attackers, even when spoofing techniques are highly
sophisticated.

To address this challenge, advanced deep learning
techniques, particularly convolutional neural networks
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(CNNs), have shown great promise. This research explores
the use of ResNet-18, a lightweight yet powerful CNN
architecture, for face spoofing detection. The residual
learning structure of ResNet-18 enables precise feature
extraction, allowing it to identify subtle differences between
real and fake facial inputs. Its efficiency and lightweight
design make it ideal for real-time deployment, ensuring
robust protection against spoofing threats in practical
scenarios.

1.1. Background of the Work

Biometric systems, particularly facial recognition, are widely
used in security applications due to their convenience and
accuracy. However, these systems face growing threats from
presentation attacks, or face spoofing, where adversaries use
fake facial inputs like photos, videos, or 3D masks to bypass
security. Traditional anti-spoofing methods relying on
handcrafted features often fail to detect advanced spoofing
techniques effectively.

The rise of deep learning, particularly convolutional neural
networks (CNNs), offers a more robust solution for face
spoofing detection. ResNet-18, a lightweight CNN
architecture, is particularly suited for this task due to its
residual learning framework, enabling the extraction of fine-
grained features from facial data. Its efficiency allows for real-
time deployment in security applications without
compromising performance. By leveraging ResNet-18, face
recognition systems can achieve higher accuracy and
robustness, providing reliable protection against
sophisticated spoofing attacks in practical scenarios.

1.2. Motivation and Scope of the Proposed Work

The increasing adoption of facial recognition systems in
critical applications like banking, mobile security, and access
control underscores the need for robust defenses against
face spoofing attacks. Presentation assaults, utilizing
advanced tools like 3D masks and video forgeries, pose a
severe threat to the integrity of these systems. Traditional
anti-spoofing techniques, often dependent on shallow,
handcrafted features, lack the adaptability to counter
increasingly sophisticated attacks. This limitation motivates
the need for a more advanced, scalable solution capable of
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ensuring reliable and secure authentication in real-world
scenarios.

The proposed work leverages ResNet-18, a convolutional
neural network (CNN) known for its lightweight design and
high accuracy, to address these challenges. By utilizing
residual learning, ResNet-18 can extract deep, discriminative
features that effectively differentiate between genuine and
spoofed facial inputs. This ensures robustness against
diverse spoofing methods while maintaining the efficiency
required for real-time applications. The scope of this work
extends to validating the proposed model on diverse
datasets, ensuring its applicability across various attack
scenarios and environments. This approach aims to set a
new benchmark in face spoofing detection, bridging the gap
between security needs and practical deployment
requirements.

2. METHODOLOGY

The proposed approach employs ResNet-18, a convolutional
neural network (CNN) with a residual learning framework,
for face spoofing detection. The model is trained on multiple
facial spoofing datasets to extract deep features, allowing it
to distinguish genuine faces from spoofed ones.
Preprocessing steps, such as data normalization and
augmentation, are applied to improve robustness against
various attack types. ResNet-18’s lightweight design ensures
efficlent computation, making it ideal for real-time
applications. The model's performance is validated on
diverse datasets, demonstrating superior accuracy and
robustness compared to traditional methods.

2.1. Data Loading and Preprocessing:

In a deepfake detection system, the first step is to gather a
dataset containing both real and deepfake images or videos.
These images are loaded into the system, resized to a fixed
resolution for consistency, and converted to grayscale to
simplify the data while retaining important information. The
images are then normalized, which helps the machine
learning models perform better by scaling the pixel values
between 0 and 1. After preprocessing, the dataset is split into
training and testing sets, ensuring that the model can be
evaluated on unseen data.

2.2. Building the Autoencoder:

The autoencoder is employed to learn a compact
representation of the images. An autoencoder consists of an
encoder that reduces the dimensionality of the input and a
decoder that reconstructs the original image from the
compressed representation. The autoencoder is trained on
real and deepfake images with the goal of minimizing
reconstruction errors. During this process, it learns to
represent the critical features of the images in a latent space.
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This compressed latent representation will later serve as
input for the classification model.

2.3. Feature Extraction Using Autoencoder:

Once the autoencoder is trained, the encoder part is used for
feature extraction. Instead of using the original image pixels,
the latent features from the encoder are extracted, providing
a more compact and efficient representation. These features
capture the essential information needed to distinguish
between real and fake images while reducing 16 the
computational load for the classifier. This feature extraction
process makes the classification task more efficient and
enhances detection performance by focusing on the most
relevant attributes of the images.

2.4. KNN Classification:

With the features extracted from the autoencoder, a KNearest
Neighbors (KNN) classifier is used to classify the images as
either real or deepfake. KNN works by identifying the closest
examples in the feature space and predicting the class based
on the majority class among the neighbors. Before
classification, the KNN model is fine-tuned using
hyperparameters like the number of neighbors and distance.
Once the best configuration is found, the KNN classifier is
trained on the extracted features, learning to differentiate
between real and deepfake images.

2.5.Model Evaluation:

The performance of the KNN classifier is evaluated on the test
set. This involves calculating performance metrics like
accuracy, precision, recall, and F1-score to assess how well
the model distinguishes between real and fake images. A
confusion matrix is also generated to visualize the
classification results and identify any misclassifications.
Additionally, a Receiver Operating Characteristic curve can be
plotted to evaluate the trade-off between true positives and
false positives, providing insights into the overall
effectiveness of the detection system.

2.6.Saving and Loading Models:

The trained autoencoder and KNN models are saved to disk,
allowing them to be used for future detection tasks without
needing to retrain the system. The autoencoder is saved using
KNN classifier is stored with tools. Once saved, these models
can be loaded and deployed to detect deepfake images or
videos in real-time applications. This step ensures the
deepfake detection system is efficient, scalable, and ready for
practical use in production environments.
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Fig -1- Flowchart

3. CONCLUSIONS

The study highlights the effectiveness of ResNet-18 for face
spoofing detection, providing a robust and efficient solution
for biometric security. Its deep feature extraction and
lightweight design enable high accuracy and real-time
deployment. Extensive testing across various datasets shows
improved performance over traditional methods. This work
showcases the potential of deep learning in enhancing face
recognition system security. Future improvements could
involve model optimization or integration with advanced
detection techniques.

Suggestions for Future Work

1. Advanced Architectures: Integrate additional deep
learning models, such as transformers or hybrid
architectures, to boost detection accuracy and robustness.

2. Multi-Modal Data Utilization: Incorporate data from
multiple modalities, such as infrared or depth sensors, to
improve spoof detection under various conditions.

3. Transfer Learning and Domain Adaptation: Apply
these techniques to enhance the model's ability to generalize
across different datasets and real-world scenarios.

4. Model Optimization for Real-Time Deployment:
Implement strategies like model pruning or quantization to
minimize computational requirements without sacrificing
performance.

5. Expanded Datasets: Include more diverse and
challenging spoofing attacks in the dataset to further
improve the model's effectiveness and resilience.
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