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ABSTRACT—

Face recognition systems is a integral to modern security applications, are increasingly vulnerable to spoofing attacks using photographs, videos. Deep learning
techniques, particularly convolutional neural networks (CNNs), have emerged as promising solutions for detecting such presentation attacks. This survey reviews
deep learning- based methods for face spoofing detection, exploring their evolution, key approaches, and performance metrics. By synthesizing recent literature,
we highlight the strengths and limitations of these techniques, focusing on their ability to address diverse spoofing scenarios. The paper concludes with an assessment
of current challenges and future research directions in this critical domain of biometric security.
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I. INTRODUCTION

A. Overview

Face spoofing detection is a critical aspect of biometric security, particularly in the context of facial recognition systems widely adopted in smartphones,
banking, surveil- lance, and secure authentication platforms. These systems are increasingly targeted by presentation attacks, where attackers use printed
photographs, video replays, or digital screens to mimic legitimate users. Traditional face recog- nition algorithms, though accurate in identification, often
fail to distinguish between real and spoofed faces. To ad- dress this vulnerability, deep learning especially Convolu- tional Neural Networks (CNNs) has
emerged as a powerful solution capable of learning subtle and complex patterns such as texture irregularities, depth inconsistencies, and unnatural motion
cues. These models enhance detection accuracy even against novel spoofing methods and can operate in real-time, making them ideal for applications
such as online examination monitoring, financial secu- rity, and digital identity verification. As spoofing attacks grow more sophisticated, the development
of intelligent, deep learning-based anti-spoofing systems is essential for preserving the integrity, trust, and security of biometric technologies.

B. Motivation

In recent years, facial recognition technology has be- come a mainstream solution for identity verification across a wide range of applications, including
smart- phones, banking platforms, airport security, surveillance systems, and online examinations. Its non-intrusive na- ture, ease of use, and the ability
to quickly authenticate users have made facial biometrics a popular alternative to traditional password-based or token-based authentication systems.
However, this rapid adoption also brings with it significant security challenges most notably, the threat of face spoofing attacks.Face spoofing, or
presentation attacks, occur when a malicious user attempts to deceive a facial recognition system by presenting a fake or manip- ulated facial
representationsuch as a printed photograph, a digital image on a screen, or a replayed video. These attacks are designed to trick the system into incorrectly
accepting the spoofed input as genuine. With increasing access to high-resolution cameras, photo-editing tools, and display technology, adversaries can
now create spoof- ing materials that closely mimic genuine user appear- ances, making it harder for conventional face recognition systems to distinguish
between real and fake inputs.The primary concern lies in the fact that most traditional face recognition systems are designed for identification and
verification, not for assessing the authenticity of the facial input. They focus on geometric and feature-based matching, which can be easily fooled by
high-quality forgeries that exhibit similar visual features. As a result, such systems are vulnerable to spoofing attacks, which can lead to unauthorized
access, identity theft, and security breaches in critical applications involving sensitive per- sonal data, financial transactions, and secure facilities. The
motivation behind this project is to contribute a robust, accurate, and real-time face spoofing detection system that can be integrated into existing biometric
frameworks. By leveraging deep learning, we aim to develop a solution that is capable of detecting spoofing attempts with high precision, even in
challenging real-world conditions. The ultimate goal is to improve the security, trust, and reliabil- ity of facial biometric systems and safeguard them
against evolving spoofing threats.

C. Objective
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. Detect and prevent face spoofing attacks such as photo, video, or screen-based impersonation.

. Enhance the security of face recognition systems in real-time authentication environments.

. Utilize deep learning, specifically CNNs, to identify subtle texture and motion differences in spoofed faces.

. Preprocess input images through detection, cropping, resizing, and normalization to ensure accurate clas- sification.
. Provide a user-friendly GUI using Tkinter for live detection and user interaction.

* Develop a scalable and adaptable system that can be extended to handle advanced spoofing techniques like deepfakes.

Il. LITERATURE SURVEY

[1] Zhang et al. (2021) proposed a high-performance face anti-spoofing method using multi-scale spatial pyramid pooling and channel attention
mechanisms to capture fine-grained texture features. Their approach improved ro- bustness across various spoofing attacks and generalized well to unseen
datasets.

[2] Khalid et al. (2021) conducted an extensive survey on deepfake detection for human face images and videos. They reviewed a range of deep learning-
based techniques, highlighting the effectiveness of CNNs, the challenges of real-time detection, and the limitations of current datasets and evaluation
metrics.

[3] Costa-Pazo et al. (2020) introduced a novel approach for face anti-spoofing using eye movement patterns along- side CNN-based feature extraction.
Their study showed that incorporating natural eye behavior enhanced liveness detection and provided a behavioral layer of security.

[4] Heo et al. (2021) explored face de-identification us- ing face caricatures, which transform visual facial features while preserving identification
attributes. Although not a direct spoof detection method, their work contributes to the broader domain of facial image manipulation and privacy-preserving
facial analytics.

[5] Patel et al. (2019) introduced an enhanced real- time face recognition system based on the Local Binary Pattern Histogram (LBPH) algorithm. By
incorporating preprocessing techniques like histogram equalization and face alignment, the system improved robustness against lighting variations and
delivered consistent performance in dynamic environments. This method demonstrated the effectiveness of lightweight algorithms for reliable real- time
face recognition, especially in surveillance and access control systems.

[6] Zhang and L.i (2020) proposed a Moiré-pattern anal- ysis approach to detect spoofing attacks by identifying periodic noise artifacts generated during
the recapture of spoofed images. This frequency-domain-based method proved effective in distinguishing genuine faces from printed or screen-replayed
attacks, particularly in static image scenarios.

[7] Kumar et al. (2018) addressed challenges in low- resolution face recognition using SIFT (Scale-Invariant Feature Transform) features, which extract
robust key- points even under image degradation. This approach is especially relevant for mobile and surveillance systems where high-quality images
may not always be available.

[8] Singh and Sharma (2021) explored deep learning- based spoof detection across multiple biometric modal- ities, including iris, face, and fingerprint.
By employing modality-specific deep representations, the system effec- tively captured subtle texture differences and improved generalization across
cross-domain spoofing attacks.An end-to-end deep learning model for face anti-spoofing was proposed by Chen et al. (2020) in [10], where CNNs were
trained directly on labeled data without manual fea- ture engineering. This data-driven approach simplified the workflow and improved classification
accuracy between live and spoofed faces.

[9] Ranjan et al. (2019) evaluated various CNN architectures for face anti-spoofing, comparing them on factors such as depth, parameter size, and
performance across benchmark datasets. The study provided valuable insights into choosing the optimal architecture for specific anti- spoofing
applications, balancing complexity with accu- racy.

1. METHODOLOGY

A Data Collection

. A dataset was curated comprising both real and spoofedface images and videos. Data augmentation techniques were applied to improve
diversity and model robustness.

B. Preprocessing
. Face detection algorithms were used to extract and normal- ize face regions from images. Preprocessing steps included:
- Resizing images

- Normalizing pixel values
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- Standardizing orientation

C. Feature Extraction
. CNNs were used to extract:
- Spatial features (e.g., texture differences)
- Temporal features (e.g., blinking, subtle motion)

D. Model Development
. A deep learning architecture based on Convolutional Neu- ral Networks (CNNs) was designed and implemented using TensorFlow/Keras.

The model architecture integrated multi- layered convolutional and pooling layers optimized for spoof detection
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E. Model Training

. The CNN model was trained using:

- Supervised learning on labeled datasets.

- Cross-validation techniques to assess perfor- mance.

- Introduction of adversarial examples to improve resistance to spoofing.
F. System Implementation

. Technologies used:

- Python for model development.

- OpenCV for image handling.

- SQLite for storing user data and detection logs.

- Spyder IDE for development.

G. Testing and Evaluation

. Both unit testing and integration testing were per- formed to validate the individual components and ensure system-wide functionality.

. The model was evaluated based on metrics like:
- Accuracy
- Precision and recall

H. D. System Architecture
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The architecture of the proposed face spoofing detection system is designed to ensure robust, real-time performance against a wide range of spoofing
attacks. The system is primarily built upon a Convolutional Neural Network (CNN) that classifies input facial images into real or spoofed categories.
This model is trained on a curated dataset containing both genuine and spoofed face images, including print, replay, and digital manipulation attacks. A
critical component of the architecture is the preprocessing module, which normalizes and resizes the input images to ensure consistency and reduce noise
caused by vary- ing environmental conditions such as lighting and back- ground. This step improves the generalization capability of the CNN by focusing
on facial features that are most indicative of spoofing. To support real-time detection, the system is optimized for low-latency execution, enabling rapid
classification suitable for authentication scenarios like mobile banking or surveillance. The integration of lightweight model architectures ensures minimal
computational overhead, making the solution deployable even on resource-constrained devices. The success of the system hinges on the diversity and
quality of the training data. Limitations in dataset variation can affect the model’s ability to generalize, especially when encountering novel spoofing
techniques. The architecture also anticipates future expansion, with provisions for incorporating multimodal inputs such as thermal or depth data to
enhance detection accuracy. This design balances accuracy, efficiency, and scalability, making it a practical solution for real-world biometric security
systems where speed and reliability are paramount.

IV. PERFORMANCE RESULT

a)  Performance Metrics

To evaluate the effectiveness of the deep learning model for face spoofing detection, multiple performance metrics were used, with accuracy being the
primary indicator. Accuracy measures the proportion of correctly classified real and spoofed faces out of the total number of inputs, reflecting the model’s
overall reliability.

b)  Training and Testing Accuracy Over Epochs

The first graph illustrates the accuracy trends for both training and testing datasets over multiple epochs. The x-axis represents the number of epochs,
while the y-axis denotes accuracy.

» The blue solid line represents the training accuracy, which shows a consistent increase over epochs, indi- cating progressive model learning.
* The orange line represents the testing accuracy, which improves steadily with minor fluctuations, suggesting effective generalization to unseen data.

The accuracy reaches approximately 78 % for training and around 82 % for testing, demonstrating the model’s reliable performance in detecting face
spoofing across various inputs.
Accuracy Formula:

g TP + TN
Accuracy = I =
2 *T TP +TN + FP+ FN
where:

« TP (True Positives) and TN (True Negatives) are correctly dassified cases.

* FP (False Pasitives) and FN (False Negatives) are misclassified cases,
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Fig. 3. Accuracy
¢)  Training and Testing Loss Over Epochs

The second graph demonstrates the loss trends for both training and testing datasets. The x-axis represents the number of epochs, while the y-axis shows
the corresponding loss values.

* The blue solid line denotes the training loss, which consistently declines as the model optimizes its weights.



International Journal of Research Publication and Reviews, Vol 6, Issue 6, pp 2475-2481 June 2025 2479

» The orange line represents the testing loss, which also decreases over time but remains slightly below the training loss, indicating stable generalization
performance.

The smooth decline in both curves implies successful learning and minimal overfitting, reinforcing the model’s robustness for real-world application in
spoof detection.
Loss Function Formula:

N

L=~ ylog(f)
i=1

where:
e y; is the true label (1 for the correct class, 0 otherwise).
e ; is the predicted probability for class 4.

e N is the number of classes.
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Fig. 4. Loss

V. RESULTS AND OUTPUT

In our face spoofing detection project, we analyzed facial images using a CNN-based deep learning model to distinguish between real and spoofed faces
with high accuracy. Below are two sample outputs:

1) Real Face:

. This input shows natural skin texture, consistent lighting, and depth cues typical of a live human face.

. The facial region contains micro-expressions and minor movement patterns, indicating liveli- ness.

. The model successfully detects the image as genuine and labels it as “Real.”

2) Spoofed Face:

. This sample shows signs of flat texture, glare, or repeated pixels, commonly found in printed photos or screen-based attacks. lacks depth and

natural variation, and may exhibit sharp edges or pixelation.
. The model accurately classifies it as a spoof and outputs “Fake” or “Spoof.”
OUTPUT

By comparing these inputs, the CNN model effectively identifies critical differences between genuine facial inputs and spoofed media. The model
analyzes features such as texture inconsistencies, facial depth, and image quality to

detect liveness. The final output is displayed in the GUI as either:
. “Real Face Detected” or

. “Spoof Detected”



International Journal of Research Publication and Reviews, Vol 6, Issue 6, pp 2475-2481 June 2025 2480

Fig. 5. Detection of Real or Spoof

* A mobile app or web version could be developed so users can access the system easily and use it with existing face recognition tools.

B. Applications

1) Mobile Face Authentication:Enhances smartphone login security by detecting spoofing attempts using photos, videos, or deepfake faces.

2) Online Exam Proctoring: Verifies student identity in real time during remote exams to prevent imperson- ation and cheating.

3) Banking & Financial Transactions: Secures biometric-based login and transaction approvals in banking apps by ensuring live user
presence.

4) Access Control & Secure Entry Systems:Prevents unauthorized access in workplaces or sensitive areas by identifying fake faces at entry

points.
5) Surveillance & Public Safety: Enhances CCTV surveil- lance by detecting spoofed facial inputs in public spaces like airports and stations.
6) Digital ldentity Verification: Supports secure eKYC and online document verification by validating live- ness during remote user

registration.

7) Smart Devices & 10T Systems: Improves home and enterprise security by enabling spoof-proof face recognition in smart doorbells or
robots.
8) Multi-Factor Biometric Systems:Can be combined with voice, fingerprint, or iris recognition for stronger identity verification in critical
systems..
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