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Abstract: Face recognition systems are increasingly deployed in security-critical applications, but remain vulnerable to
presentation attacks such as printed photographs, replay videos, and three-dimensional masks. Although recent face anti-
spoofing methods exploit complementary information from RGB, depth, and near-infrared (NIR) representations, existing
approaches primarily focus on feature fusion and do not explicitly model the intrinsic consistency relationships among
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these representations. This limitation can reduce robustness against sophisticated spoofing attacks and cross-dataset
variations.

This paper proposes a novel Cross-Modal Consistency Learning (CMCL) framework for robust face anti-spoofing using
the original RGB input together with RGB-derived depth and NIR representations. The depth and NIR representations
are constructed from RGB inputs during the modality preprocessing stage and subsequently processed together with RGB
using independent Swin Transformer encoders. A cross-modal attention fusion module adaptively integrates
complementary appearance, geometric, and spectral information, while a consistency learning module explicitly
encourages feature coherence for genuine samples and emphasizes cross-modal discrepancies associated with spoof
attacks. The consistency module is used only during training and removed during inference, avoiding additional
deployment overhead.

Extensive experiments are conducted on CASIA-SURF, WMCA, CelebA-Spoof, and MSU-MFSD using intra-dataset,
cross-dataset, ablation, feature-space, modality-consistency, and statistical analyses. The proposed CMCL achieves an
ACER of 0.70% and accuracy of 99.3% on CASIA-SURF, while achieving an ACER of 2.55% and accuracy of 97.9%
on WMCA. The results demonstrate improved spoof detection performance, representation discrimination, and cross-
dataset generalization compared with the evaluated state-of-the-art methods. The proposed framework provides a
consistency-driven and computationally practical approach for robust face anti-spoofing.

Index Terms: Face Anti-Spoofing, Cross-Modal Consistency Learning, Swin Transformer, Cross-Modal Attention,
Multi-Modal Feature Fusion, Biometric Security

1. Introduction

Face recognition is one of the most widely adopted biometric technologies because of its ease of use, non-contact
operation, and high recognition accuracy. It has wide used in security-critical applications such as smartphone
authentication, financial services, border control, healthcare, surveillance and access management. Despite the great
advancement of facial recognition systems based on deep learning, they are still quite vulnerable to presentation attacks
(PAs) where an attacker tries to fool the system using printed images, replayed movies or three-dimensional masks. These
assaults can be undertaken at extremely little cost and can potentially circumvent high-performance recognition systems,
which makes Face Anti-Spoofing (FAS), sometimes called Presentation Attack Detection (PAD), a vital component of
modern biometric security systems [1, 2].

Early face anti-spoofing approaches mostly utilize handmade feature descriptors, such as Local Binary Pattern (LBP),
colour texture analysis, and image distortion features, to discriminate between real faces and spoof presentations [3, 28,
35]. While these methods demonstrated reasonable performance under controlled imaging conditions, their effectiveness
was significantly degraded under variations in illumination, camera characteristics and unseen attack types due to the
limited representation capability of handcrafted descriptors. Deep convolutional neural networks (CNNs) have
dramatically improved the performance of spoof detection by learning discriminative representations of faces from raw
RGB photos in an automatic way. Several typical methods have made significant gains in detection accuracy, including
auxiliary supervision networks [6, 15], Central Difference Convolutional Networks (CDCN) [7, 11], EfficientNet [16]
and MobileNetV3 [17]. However, RGB-based systems still struggle against sophisticated presentation attacks, as the
appearance information cannot describe the three-dimensional structure and substance of real human faces effectively.

It is important to distinguish between consistency learning with physically acquired modalities and consistency
learning with RGB-derived representations. In conventional multi-modal face anti-spoofing systems, RGB, depth, and
NIR may be obtained from synchronized sensors, providing physically coupled observations of the same facial surface.
In contrast, the present framework uses the original RGB image together with depth and NIR representations derived
from RGB during preprocessing. Therefore, the proposed CMCL does not rely on independent sensor synchronization or
assume that synthesized representations reproduce all physical properties of real depth or NIR measurements. Instead, it
exploits the complementary structural and spectral representations learned from the RGB input and explicitly models their
feature-level relationships. This formulation allows cross-modal consistency to be used as a training signal while keeping
the additional modality construction and consistency learning separate from the inference-time classification pipeline.

To overcome these constraints, recent research has been focusing more and more on multi-modal face anti-spoofing,
where RGB photos are combined with depth and near-infrared (NIR) information [8, 12—-14, 29]. RGB images capture
fine face appearance and texture, depth images collect 3D geometry information, and NIR images record spectral
reflectance properties that are far less sensitive to illumination changes. The existence of large-scale benchmark datasets
such as CASIA-SUREF [12], WMCA [14], CelebA-Spoof [39], and MSU-MFSD [41] has significantly promoted research
on multi-modal face anti-spoofing, providing a variety of presentation attack scenarios under realistic environmental
conditions.

Despite the success of multi-modal learning, many existing approaches primarily rely on feature concatenation,
weighted fusion, or attention-based aggregation to combine modality-specific representations [8, 30]. Recent
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Transformer-based FAS methods have improved the ability of models to capture long-range spatial dependencies and
global facial representations; however, their primary emphasis remains on learning discriminative representations within
individual modalities or combining modality-specific features through attention-based fusion. Similarly, multi-modal
FAS approaches have demonstrated that RGB, depth, and NIR provide complementary cues, but conventional fusion
strategies do not explicitly determine whether the resulting modality representations remain mutually coherent. This
distinction is important because cross-modal discrepancy can provide discriminative evidence of presentation attacks. In
particular, a spoof may preserve plausible RGB appearance while producing structurally or spectrally inconsistent depth
and NIR representations. The proposed CMCL framework addresses this limitation by treating cross-modal consistency
as an explicit learning objective rather than only as an implicit consequence of feature fusion.

Another key problem of practical face anti-spoofing is cross-dataset generalisation. Models trained on a single
benchmark generally show considerable performance deterioration when tested on unseen datasets due to differences in
imaging devices, illumination conditions, spoofing materials, environmental settings, and subject variety [9, 10, 26, 31].
There exist some domain generalisation methods for RGB-based face anti-spoofing, such as adversarial learning [9],
style-agnostic representation learning [10], and MixStyle augmentation [26]. But there are few works focusing on cross-
modal consistency for enhancing robustness across domains. Therefore, the development of multi-modal representations
that are robust under different acquisition situations is still an important open research challenge.

To overcome these constraints, this study provides a novel Cross-Modal Consistency Learning (CMCL) framework
for robust multi-modal face anti-spoofing employing RGB, depth and near-infrared modalities. The proposed framework
is different from the typical fusion-based techniques in that it explicitly models the semantic coherence among modality-
specific feature representations. Independent Swin Transformer encoders are used to learn discriminative aspects of
appearance, geometry and spectrum from each modality. A cross-modal attention fusion module assigns a modality-
specific adaptive significance weight dynamically based on its discriminability reliability. Moreover, we use a specific
Cross-Modal Consistency Learning (CMCL) module to enforce the feature consistency among authentic facial samples
while expanding the feature differences caused by presentation attacks. This consistency regularisation is employed solely
at training time as an auxiliary supervisory signal and is dropped at inference time, hence boosting the spoof detection
performance without adding any additional computing cost in deployment.

5. Proposed CMCL Framework

« Cross-Modal Attention Fusion

* Cross-Modal Consistency Loss

*+ Robust Classification Head
4. Transformer FAS
* VT / Swin Transformer |

* Global Context Modeling
+ Aftention Mechanisms Enforces cross-modal consistency

for robust generalization.
» Feature Representation
3. Multi-Modal FAS
+ Geometric (Depth) Cues

+ Spectral (NIR) Cues

« Complementary Data Captures long-range dependencies

and global features.
+ Higher Accuracy
2. CNN Deep Learning
* CNN Architectures

+ Auxiliary Supervision

Better robustness through
complementary modalities.

+ CDCN (Gradient-based)

1. Handcrafted Feature FAS + End-to-End Learning
* LBP T

* HOG

Improved performance;

« Motion Feat;
otien Features vulnerable to complex attacks.

+ ColorTexture Analysis

Limited discriminative power.
poor generalization.

Fig. 1. Evoluation of Face Anti-Spoofing (FAS) methods.

Figure 1 presents the history of face anti-spoofing techniques from handcrafted feature-based approaches to CNN-
based methods, multi-modal learning, transformer structures and the proposed Cross-Modal Consistency Learning
framework.

Extensive experiments are undertaken on four widely-used benchmark datasets: CASIA-SURF [12], WMCA [14],
CelebA-Spoof [39] and MSU-MFSD [41] under intra-dataset, cross-dataset and ablation assessment techniques.
Experimental results show that the proposed framework consistently outperforms state-of-the-art approaches in APCER,
BPCER, ACER, accuracy and cross-dataset robustness. Further analyses such as feature-space visualization, modality
consistency evaluation, confusion matrix analysis, and statistical significance testing further confirm the effectiveness,
robustness, and reliability of the proposed consistency-driven learning technique.

In summary, the main contributions of this paper are:
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1) We propose a Cross-Modal Consistency Learning (CMCL) strategy that explicitly models relationships among
RGB, RGB-derived depth, and NIR representations. The proposed objective encourages representation
coherence for genuine samples while promoting discriminative modality discrepancies for spoof samples.

2) We develop a cross-modal attention fusion mechanism based on modality-specific Swin Transformer encoders
to adaptively integrate complementary appearance, structural, and spectral representations before classification.

3) We introduce a training-only consistency regularization strategy, allowing the consistency module to provide an
auxiliary supervisory signal during optimization while being removed during inference. This separates
representation regularization from deployment-time prediction and avoids additional consistency-module
computation during inference.

4) We conduct comprehensive intra-dataset, cross-dataset, ablation, feature-space, modality-consistency, and
statistical analyses on CASIA-SURF, WMCA, CelebA-Spoof, and MSU-MFSD to examine the effectiveness,
robustness, and limitations of the proposed learning strategy.

The rest of this paper is organized as follows. Section 2 presents a review of existing face anti-spoofing research,
including handcrafted feature-based methods, deep learning-based RGB approaches, multi-modal and multi-spectral
techniques, domain generalization methods, transformer-based architectures, and consistency-driven learning paradigms.
Section 3 describes the benchmark datasets and data augmentation procedures used in the study. Section 4 presents the
proposed Cross-Modal Consistency Learning (CMCL) methodology, including depth and NIR modality synthesis and
preprocessing, modality-specific Swin Transformer encoders, hierarchical feature extraction, cross-modal attention fusion,
consistency learning, classification, the overall training objective, and training/inference strategies. Section 5 presents the
experimental configuration and comprehensive evaluation, including intra-dataset performance, cross-dataset
generalization, ablation studies, feature-space analysis, modality consistency analysis, confusion matrices, and statistical
significance testing. Finally, Section 6 concludes the paper and discusses future research directions.

2. Literature Review

Face anti-spoofing (FAS) or presentation attack detection (PAD) has gone through a great evolution in the last decade.
With the growing deployment of face recognition technologies in security-critical applications, robust anti-spoofing
measures are required. Existing research in FAS can be broadly classified into the following aspects: (1) handcrafted
feature-based approaches, (2) deep learning based RGB methods, (3) multi-modal and multi-spectral approaches, (4)
domain generalisation and domain adaptation methods, and (5) attention-based and consistency-driven learning strategies.
These themes are reviewed in detail in this section.

2.1. Handcrafted Feature Based Face Presentation Attack Detection

The early FAS approaches focused mostly on handcrafted texture descriptors, aiming to model the surface artefacts
generated by spoof assaults. A widely utilized approach is Local Binary Patterns (LBP) and its variations [3, 35] which
detects micro-texture differences between authentic and fraudulent faces. These methods make use of the fact that printed
images and screens produce specific colour aberrations and printing noise patterns.

Similarly, image distortion analysis methods were developed for detecting moiré patterns and reflectance
discrepancies in replay assaults [28]. Although these classic methods showed reasonable performance under controlled
laboratory circumstances, they turned out to be quite sensitive to illumination changes, camera adjustments and unknown
attack kinds. The low representational capacity of handcrafted features hindered their generalisation power, which
motivated the move to deep learning based techniques.

2.2. RGB Face Anti-Spoofing based on Deep Learning

The emergence of convolutional neural networks (CNNs) has brought a great revolution in the research of FAS.
Automatic feature extraction from raw RGB photos became possible using deep learning models, which resulted in large
gains in detection accuracy. Early CNN-based frameworks taught binary classifiers to discriminate between real and spoof
samples [6]. The auxiliary supervision strategies greatly improved the learning effectiveness. For example, depth-
supervised models included pseudo-depth maps as supervisory signals to enable networks to learn structural cues [6],
[15]. Central Difference Convolutional Networks (CDCN) added gradient-based operators in convolutional layers to
enhance their sensitivity to spoof-specific texture patterns [7, 11].

Residual networks [21] and lightweight architectures such as MobileNetV3 [17] and EfficientNet [16] permitted the
efficient deployment in real-time applications. Margin based losses, e.g., ArcFace [22] and Circle Loss [23], improve
feature separability in embedding space. Despite these developments, RGB-only methods are vulnerable to high-quality
replay assaults and 3D mask attacks that resemble real faces.

Recent reviews [1], [2] have highlighted that RGB-based approaches generally fail in the presence of domain shifts,
lighting fluctuations, and cross-dataset generalisation. These constraints inspired researchers to investigate other sensory
modalities.
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2.3. Multi-Modal and Multi-Spectral Face Presentation Attack Detection

In order to overcome the inherent limits of RGB-only solutions, multi-modal face anti-spoofing has attracted a lot
of interest. Multi-modal systems merge complementary signals such as depth and infrared (IR) imaging to enhance the
robustness of spoof detection.

Depth-based CNN architecture showed that structural information may discriminate between real faces and flat
printed photos [4, 5]. Multi-modal fusion techniques that combine the RGB and depth information are shown to
outperform single-modality systems [8, 30]. Multi-spectral imaging techniques have also shown that infrared sensors
capture material reflectance parameters that differ significantly between genuine skin and spoof artefacts [29].

The availability of large-scale multi-modal benchmarks has spurred study in this approach. CASIA-SURF [12]
presented three modalities (RGB, depth, and IR) at scale and a thorough evaluation platform. MSU-MFSD [41] further
extended this benchmark to cross-ethnicity scenarios, emphasizing the fairness and generalisation problems. The Wide
Multi-Channel Presentation Attack (WMCA) dataset [14] extends the spectral channels and attack instruments, allowing
the assessment of the system in realistic multi-spectral scenarios.

While multi-modal fusion is beneficial for robustness, many existing approaches resort to simple feature
concatenation or score-level fusion [8, 30]. These approaches do not explicitly represent inter-modal linkages and are
hence limited in capturing cross-modal dependencies.

2.4. Domain Generalisation and Cross Dataset Robustness

Poor generalisation across datasets is a significant problem in face anti-spoofing. However, models trained on one
dataset tend to not generalise successfully when tested on new domains due to variations in capture devices, attack types
and ambient variables.

To tackle this challenge, solutions such as domain adaptability and domain generalisation have been developed.
Multi-adversarial domain generalisation frameworks attempt to learn domain-invariant features using adversarial learning
techniques [9]. Style-agnostic networks attempt to remove style-specific cues while preserving semantic information [10].
MixStyle augmentation procedures randomly mix the feature statistics between samples to improve robustness [26]. Other
approaches align feature distributions utilizing domain adaptation methods such as adversarial discriminative adaptation
[27] or gradient reversal-based learning [25]. Domain-invariant representation learning methods [24, 32] enhance the
performance among domains.

The benefits of diversity of datasets and good feature alignment have been established in the FAS context across
domains [31]. However, most of the domain generalisation methods are developed for the RGB-only input. Multi-modal
domain generalisation is largely unexplored, especially via cross-modal consistency.

2.5. Transformer-based Methods and Attention Mechanisms

Attention mechanisms have reshaped computer vision models, enabling the models to focus on informative regions
and features. The transformer architecture [19] introduced self-attention mechanisms capable of modelling long range
dependencies. Vision Transformer (ViT) models [18] have obtained competitive results on picture identification tasks. In
face anti-spoofing, attention modules have been applied to highlight the spoof sensitive regions and minimize the
background noise [33]. We use attention-based fusion to adaptively weight modality-specific data, which allows more
flexible merging of RGB, depth and IR information.

Lightweight variants of transformers with CNN backbones provide a tradeoff between accuracy and processing
economy. Such approaches are particularly beneficial in multi-modal scenarios where the reliability of modalities may
change from sample to sample.

2.6. Consistency Learning and Cross-Modal Representation Alignment

It has been shown that consistency learning is an effective method to improve the robustness of the representation.
In general vision tasks, consistency-based regularisation is used to ensure consistent predictions under perturbations or
domain shifts. Cross-modal consistency promotes the alignment of modality-specific representations in multi-modal
learning.

Recently, cross-modal learning frameworks for FAS have been investigated [36], showing that many modalities can
improve the discriminative power. However, it is still to be explored to explicitly model inter-modal consistency as a
supervisory signal.

Consistency-based techniques rely on the assumption that structural and spectral patterns are associated across
modalities for real faces, while spoof assaults introduce inconsistencies. For instance, printed assaults lack depth variation
and show anomalous NIR reflectivity. Thus, imposing feature similarity for authentic samples and divergence for spoof
attacks can improve discrimination.

Robust representation learning is also achieved using self-supervised learning algorithms [34] and adversarial
learning frameworks [20]. However, the exploration of cross-modal consistency regularisation in multi-modal FAS is an
open research direction.
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2.7. Summary and Gap in Research

In summary, face anti-spoofing has achieved significant progress through deep learning-based RGB models [6, 7],
multi-modal fusion frameworks [12, 14], and domain generalization strategies [9, 26]. Benchmark datasets such as
CASIA-SURF [12], WMCA [14], CelebA-Spoof [39], and MSU-MFSD [41] have further facilitated the systematic
evaluation of RGB-Depth—NIR face anti-spoofing systems. Nevertheless, three major research gaps remain:

1. Limited exploitation of cross-modal relationships: Many existing multi-modal face anti-spoofing systems
rely primarily on feature concatenation or other conventional fusion strategies without explicitly modeling the
intrinsic relationships and consistency among different modalities.

2. Insufficient multi-modal cross-domain robustness: Existing domain generalization methods are
predominantly designed for RGB-based systems, leaving the problem of robust cross-dataset generalization in
multi-modal face anti-spoofing comparatively underexplored.

3. Limited use of consistency-driven learning: Although consistency learning has demonstrated potential in
representation learning, its explicit use for modeling RGB—Depth—NIR consistency and modality discrepancies
in face anti-spoofing remains insufficiently investigated.

These limitations motivate the proposed Cross-Modal Consistency Learning (CMCL) framework, which integrates
attention-based multi-modal fusion with explicit inter-modal consistency regularization. By exploiting complementary
appearance, geometric, and spectral information while modeling modality coherence and discrepancy, the proposed
approach aims to improve both intra-dataset spoof detection performance and cross-dataset generalization.

3. Datasets and Data Processing

3.1. Datasets

A. CelebA-Spoof [39]

The CelebA-Spoof dataset is one of the largest publicly available benchmarks for face anti-spoofing. It contains
624,537 RGB face photos from 10,177 people, including 202,599 bona fide (genuine) images and 422,938 fake images.
The dataset comprises a large number of different presentation assault types such as print attacks, replay attacks, paper-
cut attacks and 3D mask attacks. The photos have large pose, illumination, facial expression, backdrop and image quality
fluctuations, which make the dataset very demanding for robust face anti-spoofing study. For precise face localization
and model training, face bounding box annotations and facial attribute labels are also provided.

B. CASIA-SUREF [12]

The CASIA-SURF dataset is a large-scale multimodal face anti-spoofing benchmark with synchronized RGB, Depth
and Infrared (IR) modalities. It has recordings of 1,000 subjects, comprising 3,000 real videos and 18,000 fake videos.
The spoof data was generated utilizing six different visual attack variations including modifications in cutting, bending
and stand-off distance, to replicate actual presentation attacks. The synchronized multimodal recordings provide
complementary information of appearance and depth, and hence CASIA-SURF is a popular benchmark for assessing
multimodal face anti-spoofing algorithms and cross-modal feature learning.

C. WMCA [14]

The WMCA (Wide Multi-Channel Presentation Attack) dataset is a large multimodal benchmark for evaluating face
presentation attack detection algorithms. The dataset contains synchronized RGB, Depth, Near Infrared (NIR) and
Thermal modalities gathered from 72 people. It includes 347 genuine recordings and 1,594 presentation assault recordings,
spanning a wide range of attack instruments, including printed images, replay attacks, 3D masks, silicone masks, false
heads, transparent glasses, and other complicated attack situations. The multiplicity of attack kinds and sensing modalities
makes WMCA one of the most challenging datasets for evaluating the robustness and generalization capability of the
multimodal face anti-spoofing systems.

D. MSU-MFSD [41]

The MSU Mobile Face Spoofing Database (MSU-MFSD) is a popular benchmark for evaluating face anti-spoofing
algorithms under realistic acquisition situations. The dataset includes recordings from 35 subjects, containing 70 bona
fide videos and 210 spoof movies. The spoof samples are printed photo attacks and video replay attacks shot with different
mobile devices under varied illumination conditions. The data set contains a large intra-subject and inter-subject
variability, since each participant contributes many genuine and attack recordings, allowing an extensive evaluation of
presentation attack detection approaches.

The parameters of the benchmark datasets used in this investigation are summarized in Table 1, including sensing
modalities, presentation attack kinds, sample formats, number of individuals, and the distribution of bona fide and spoof
samples.
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Table 1. Showing the dataset summary.

. Sample . Genuine Spoof
Dataset Modalities Attack Types Type Subjects Samples Samples
CelebA-Spoof [39] RGB igi Replay, Paper Cut, 3D | 1 0o 10,177 202,599 | 422,938
CASIA-SURF [12] | RGB + Depth + NIR gl‘;gr‘l‘fe bending,  stand-off | {4 ¢ 1,000 3,000 18,000
Print, Replay, 3D Mask, Silicone .
WMCA [14] RGB + Depth + NIR Mask, Glasses, Fake Head. Videos 72 347 1,594
MSU-MFSD [41] RGB Print Attack, Replay Attack Videos 35 70 210

3.2. Data Augmentation

Data augmentation can be a useful technique for improving the performance of anti-spoofing models that aim to
detect fake biometric traits such as fake faces, voices, or fingerprints. In this context, data augmentation involves creating
additional variations of the genuine and spoofed samples in the training dataset by applying various transformations to
the original data. In the case of face spoofing, data augmentation techniques could include adding random noise to the
images, rotating, flipping, or cropping the images, changing the brightness or contrast, and applying blur or distortion
filters [42]. One important consideration when applying data augmentation to spoofing datasets is to ensure that the
augmented samples still represent realistic spoofing attacks. For instance, if the spoofing attack involves using a printed
photo of a genuine user, the augmented samples should reflect variations of that scenario, such as different lighting
conditions or printing quality. Another important consideration is to balance the distribution of genuine and spoofed
samples in the augmented dataset. If the original dataset is imbalanced, the augmented dataset could lead to further
imbalances, which could affect the model's ability to detect spoofing attacks accurately. Figure 2 shows the sample images
of augmented data.

Fig. 2. Sample images for data augmentation.
4. Proposed Methodology

4.1. Overview of the Proposed Framework

The proposed framework introduces a novel Cross-Modal Consistency Learning (CMCL) architecture for robust
multi-modal face anti-spoofing using RGB, Depth, and Near-Infrared (NIR) modalities. The primary objective of the
proposed system is to accurately distinguish genuine facial samples from spoof attacks by jointly exploiting
complementary appearance, geometric, and spectral information captured across multiple sensing modalities. Unlike
conventional RGB-based face anti-spoofing approaches, the proposed framework leverages the inherent consistency
relationships that exist among RGB, depth, and NIR facial representations in genuine samples while simultaneously
identifying inconsistencies introduced by spoof artifacts.

The complete input sample is represented as:

X = {X{rgb}' X{depth}’X{nir}} (1)

Where X 7903, x{depth} " and X"} denote the RGB, Depth, and NIR facial images, respectively. Each modality
contributes distinct discriminative information for spoof detection. Specifically, RGB images capture facial texture, skin
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appearance, and color information, depth images provide three-dimensional geometric structure and facial contour details,
whereas NIR images encode spectral reflectance and material characteristics that are less sensitive to illumination
variations. The integration of these complementary modalities enables the framework to detect diverse presentation
attacks including print attacks, replay attacks, and mask-based spoofing attempts.
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Fig. 3. Architecture of the proposed Cross-Modal Consistency Learning (CMCL) framework for robust multi-modal face anti-spoofing.

The proposed framework aims to learn a mapping function:

fX) -y 2

Where y € {0, 1}, with 1 representing a live face and 0 representing a spoof attack.

Figure 3 shows the architecture of the proposed CMCL framework consisting of modality-specific Swin Transformer
encoders, cross-modal attention fusion, consistency learning, and a classification head for robust multi-modal face anti-
spoofing.

4.2. Modality Synthesis and Preprocessing

The proposed CMCL framework described in Section 4 is evaluated through a comprehensive experimental protocol
designed to assess its intra-dataset performance, cross-dataset generalization, component-wise effectiveness, feature
discrimination, and cross-modal consistency. The modality synthesis and preprocessing procedures described in Section
4.2 are first applied to obtain spatially aligned RGB, depth, and NIR inputs, which are subsequently processed by the
modality-specific Swin Transformer encoders and the proposed cross-modal attention and consistency learning modules.
To ensure a systematic and reproducible evaluation, the experiments are conducted using four benchmark face anti-
spoofing datasets, namely CelebA-Spoof, CASIA-SURF, WMCA, and MSU-MFSD. The datasets are divided into
training, validation, and testing subsets while preserving the live/spoof class distribution. The proposed framework is
trained using the same optimization configuration described below, and the final model is selected according to validation
performance. Evaluation is performed using APCER, BPCER, ACER, and classification accuracy, together with
additional precision, recall, F1-score, AUC, feature-space, modality-consistency, ablation, and statistical analyses. In
addition to conventional intra-dataset evaluation, cross-dataset experiments are performed between CASIA-SURF and
WMCA to examine robustness under changes in acquisition conditions, sensors, and presentation attack distributions.
The following subsections present the experimental configuration and the resulting quantitative and qualitative analyses.

4.2.1. Depth Map Construction

Depth information can be useful in image classification tasks using deep learning algorithms for several reasons.
Depth information can help improve the accuracy of image classification algorithms by providing additional spatial
information about the objects in an image. For example, knowing the depth of an object can help distinguish between
objects that appear similar in 2D but have different depths. Depth information can provide valuable information about the
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structure of a scene, such as the distance between objects and their relative positions in 3D space. This can help improve
the overall understanding of a scene and make it easier to classify objects within it. When objects in an image are partially
occluded by other objects, depth information can handle occlusions more effectively and it provides valuable additional
information that can help improve the accuracy and efficiency of image classification using deep learning algorithms.

As the depth maps provide additional information, we propose to use depth information in recognizing the genuine
and spoofed faces. The RGB images of both genuine and spoofed face categories were transformed into depth maps using
the method proposed in [43].

This section presents a convolutional neural network that employs transfer learning to generate a depth map with
high resolution from a single RGB image.

In Figure 4, we can see a high-level diagram of the encoder and decoder network used for estimating the depth. In
the encoder, a DenseNet-169 [44] architecture, pretrained on ImageNet [40], is utilized to turn the input RGB face image
into a feature vector. After passing this vector through a series of up-sampling layers, we end up with a depth map with
half the resolution of the original. These up-sampling tires and their corresponding skip connections form the decoder.

Even though state-of-the-art methods have recommended adding sophisticated layers such as Batch Normalization,
the decoder does not use them. Starting with the same number of output channels as the truncated encoder, a 1x1
convolutional layer is used for the decoder. Up-sampling blocks are then added together one by one. Each unit
incorporates a bilinear up-sampling of 22 samples, two convolutional layers of 33 samples each, and output filters that
are each tuned to receive half as many input samples. Then, the output of the previous layer and the pooling layer from
the encoder, both of which have the same spatial dimension, are fed into the first convolutional layer of the two. Each
block is then followed by a leaky ReLU activation function with parameter = 0.2, except for the last up-sampling block.
The photos' original colors in the [0, 1] range are used as inputs rather than any kind of normalization of the input data.

DenseNet-169 Encoder v i Decoder
] ] (Upsampling)

Input RGB Image Predicted Depth Map

~ B
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Fig. 4. Process of depth map generation from RGB image.
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Fig. 5. Sample RGB and its constructed depth map images.
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Figure 5 shows the sample RGB and its estimated depth maps. In depth regression, the standard loss function takes
into account the discrepancy of the ground-truth depth map ) and the prediction of the network )7 . This paper proposes

a biased sum of three loss functions as the definition of the loss L between ) and J.

Loss=L. . +L — +L 3)

‘depth ‘gradient SSIM

The loss Ldepth is the point-wise loss which is calculated on the depth standards:

m
“4)
Ldepth (yinaypred) = (%1)2|ym - ypred
i=1
The loss Lgm giens 18 the loss derived on the gradient of a depth image g,

Lgmdient (yma ypred) = (%Q)Zr:‘,|glm)(| + |gimY| ®

Where g, . and g, ., compute the changes in the x and y components of depth image gradients.

The Ly, loss is written as:

1= SSIM (2 rea ) (©)
2

Loy (ym > Y pred ) =

4.2.2. NIR Construction

Several ways have been published to generate near-infrared (NIR) images from RGB photographs such as spectral
transformation, inverse modelling and deep learning-based image translation. Among these approaches, deep learning has
shown better capacity in learning the nonlinear spectral mappings between RGB and NIR domains.

In this work, NIR images are created by a supervised convolutional encoder-decoder network trained on paired RGB-
NIR image samples. The network takes an RGB facial image as input and learns a non-linear mapping to the appropriate
NIR representation by pixel-wise reconstruction. The encoder progressively extracts hierarchical texture representations
from the RGB image, and the decoder reconstructs the associated NIR image while retaining both the overall facial
structure and the local spectral features. We use the Mean Absolute Error (MAE) loss to minimize the reconstruction error
between the generated NIR image and the ground-truth NIR image during training. Once trained, the network is capable
of creating realistic NIR images for RGB faces that do not have inherent infrared information.

Genuine Faces Spoofed Faces

RGB

Near Infrared

Fig. 6. Sample RGB facial images and their corresponding synthesized Near-Infrared (NIR) images generated using the proposed deep learning-based
RGB-to-NIR conversion network.
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Figure 6 shows the sample RGB facial images and their corresponding synthesized Near-Infrared (NIR) images
generated using the proposed deep learning-based RGB-to-NIR conversion network. Although synthesized NIR images
cannot fully replace hardware-captured infrared images, deep learning based spectral translation has been shown in earlier
work to preserve discriminative facial features needed for downstream recognition and anti-spoofing applications.

NIR photographs offer supplemental spectral information that is largely invariant to changes in visible illumination.
Unlike RGB photos, NIR imaging captures the fundamental reflectance features of human skin that are more difficult for
presentation attacks such as printed photographs or replay screens to mimic actual face expressions. Therefore, the use of
NIR information greatly enhances the robustness of face anti-spoofing systems in tough ambient settings.

RGB images are scaled to 224 X 224 pixels and normalized to the range [0,1] before NIR synthesis. The synthesized NIR
pictures are then employed as one of the three input modalities to the proposed CMCL architecture.

The resulting NIR pictures are then inputted into the modality-specific Swin Transformer encoder with the modalities
of RGB and depth. This enables the proposed CMCL system to leverage complementary spectrum information to perform
cross-modal attention fusion and consistency learning, hence achieving improved spoof detection accuracy and cross-
dataset generalisation.

4.3. Input Modalities

The proposed CMCL framework operates on three complementary representations: the original RGB image and two
RGB-derived representations, namely depth and NIR. These representations provide complementary appearance,
geometric, and spectral information for robust face anti-spoofing. The RGB representation captures facial texture and
color information, while the derived depth representation provides structural information and the derived NIR
representation captures complementary spectral characteristics. The three representations are subsequently processed by
their respective modality-specific Swin Transformer encoders before cross-modal attention fusion and consistency
learning.

The first stage of the proposed architecture consists of three complementary input modalities: RGB, Depth, and
Near-Infrared (NIR) facial images. Each modality captures distinct characteristics of the human face and contributes
unique information for spoof detection. RGB images provide appearance-based texture and color information, depth
images encode three-dimensional geometric structure, and NIR images capture spectral reflectance and material
properties that are less sensitive to illumination variations.

The input modalities are represented as:

X = {Xrgb, Xdepth, Xnir} 7
Where:
X2 = RGB facial image, X%P" = Depth facial image, X" = Near-Infrared facial image

Prior to feature extraction, all input images undergo preprocessing operations including face detection, alignment,
normalization, and resizing to a fixed spatial resolution of 224 x 224 pixels. This preprocessing stage ensures spatial
consistency across modalities and improves feature learning stability.

The use of multiple modalities enhances robustness against presentation attacks. Genuine faces exhibit consistent
texture, geometry, and spectral responses across modalities, whereas spoof attacks typically introduce inconsistencies
such as flat depth responses or abnormal NIR reflections.

4.4. Modality-Specific Swin Transformer Encoders

To effectively extract discriminative modality-specific representations, the proposed framework employs
independent Swin Transformer encoders for RGB, Depth, and NIR streams. Unlike conventional convolutional neural
networks, Swin Transformers utilize shifted-window self-attention mechanisms to capture both local and global
contextual dependencies while maintaining computational efficiency.

Each modality is processed using an independent encoder:

F'eb = E g, (X'€?) (8
Fdepth =E depth (Xdepth) (9)
Fnir — Enir (Xnir) (10)

Where:

Ergb> Baepn» and E,j; denote modality specific Swin Transformer encoders.
Frop»> Faepm» and Fdenote the extracted modality specific feature representations.
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Although all encoders share the same architectural design, they do not share weights. This allows each encoder to
specialize in modality-dependent feature extraction. The RGB encoder primarily focuses on texture and appearance
features, the depth encoder learns three-dimensional structural patterns, and the NIR encoder captures spectral reflectance
characteristics.

Each Swin Transformer encoder consists of the following stages: 1). Patch Partition 2). Hierarchical Swin
Transformer Blocks 3). Patch Merging 4). Global Average Pooling.

The extracted features are represented as:

Fm e R¢ (11)

Where:

m € {rgb, depth, nir}, “d” denotes the feature dimension.

The modality-specific encoders preserve unique information from each sensing modality and form the foundation
for subsequent cross-modal fusion and consistency learning.

4.5 Patch Partition and Hierarchical Feature Extraction

Within each Swin Transformer encoder, the input image is first divided into non-overlapping patches. The patch
partition operation transforms the input image into a sequence of embedded tokens suitable for transformer-based
processing.

Given an input image of size:

HxWxC (12)
It is partitioned into patches of size:
PxP (13)
The number of generated patches are:
N=(H x W)/P? (14)

Each patch is linearly embedded into a feature representation before being processed by hierarchical Swin
Transformer stages.

The hierarchical architecture progressively captures low-level texture features and high-level semantic information
through multiple transformer stages. Shifted-window self-attention enables efficient local attention computation while
simultaneously facilitating global feature interaction across windows.

As the network depth increases, spatial resolution decreases, semantic representation increases, and contextual
understanding improve.

This hierarchical representation learning is highly beneficial for detecting subtle spoof artifacts.

4.6. Cross-Modal Attention Fusion Module

After modality-specific feature extraction, the proposed framework performs adaptive feature fusion using a Cross-
Modal Attention Fusion module. Unlike traditional concatenation-based fusion methods, the proposed attention
mechanism dynamically assigns importance weights to different modalities based on their reliability and discriminative
contribution.

Initially, the extracted feature vectors are concatenated:

Fear = [Feb; Fdepth; i) (15)
Scalar modality score is defined as

Sm = Wi TE, + by, (16)
Attention weights are then computed using a softmax-based attention mechanism:

exp(WIF™)

B Zk € {rgb,depth,nir} exXp (WnTFm)

Om

(17
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Where F, is the feature vector of modality m, wy, € R¢ is a learnable modality-specific weight vector, b,,€ R is a
learnable bias, sy, is the modality importance score, and ay, is the resulting normalized attention weight.
Then the fused representation is defined as

Frusea = Z amF™ (18)
me{rgb,depthnir}

This adaptive fusion strategy enables the model to emphasize reliable modalities while suppressing noisy or less
informative features. Consequently, the fusion module improves robustness against sensor noise, illumination
variations, and spoof artifacts.

4.7. Cross-Modal Consistency Learning Module

The main novelty of the presented system is the Cross-Modal Consistency Learning module. This module aims to
enforce the consistency of features on the authentic faces across modalities and increase the inconsistencies on the spoof
attacks.

Genuine facial samples display associated qualities of texture, depth and spectrum. In contrast, spoof attacks tend to
generate modality-mismatched responses. While printed photographs may be visually accurate in RGB images, they do
not provide valid depth information or realistic NIR reflectance.

To capture these relationships, pairwise Euclidean distances are computed between modality-specific feature vectors:

Drgb,depth = ”Frgb - Fdepth”ZZ (19)
Drgomir = [|F7& — F™r|| * (20)
Ddepth,nir = ”Fdepth - Fnirllzz (21)

Where F8P, Fdepth  Fnir denote the modality-specific feature vectors and Iz is the L2 (Euclidean) norm.
For genuine (live) samples, the framework minimizes inter-modal feature distances, encouraging cross-modal
agreement:

live _
Lcons - Drgb,depth + Drgb,nir + Ddepth,nir (22)

This encourages compact and coherent feature representations across modalities.
For spoof samples, a margin-based formulation encourages the modalities to remain sufficiently different:

Lig;gf = max(0'6 - Drgb,depth) + max(0,6 - Drgb,nir) + max(0'6 - Ddepth,nir) (23)

Where & is the minimum desired inter-modal distance for spoof samples (margin hyperparameter).
The complete consistency loss combines both terms via the ground-truth label y:

Leons = yLEZE + (1 — y) L0 (24)

Where y =1 for genuine samples and y = 0 for spoof samples.

This formulation improves discriminative learning by minimizing modality variance for genuine samples while
maximizing inconsistency for spoof attacks.

The consistency module is active only during training and does not participate during inference, thereby avoiding
additional computational overhead.

4.8. Classification Head
The fused feature vector generated by the attention fusion module is forwarded to the classification head for final
live/spoof prediction. The classification head consists of fully connected layers, ReLU activation, dropout regularization,
and a softmax classifier.
The ReLu activation function is defined as:
Fh = ReLU(Wthused + bh) (25)
Where Fryseq € RY, W), € R¥>4, by, € R,
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Dropout regularization is then applied:
F; = Dropout(Fy) (26)
A final linear layer projects to the two-class logit space:
z = W.F; + b, (27)

Where W, € R*'2, b, € R?, and z = [Ziive, Zspoof]” 15 the two-dimensional logit vector.
The class probabilities are obtained via softmax over the two logits:

exp(Z) .
= o—— ,k € {live,spoof} 28
Pk ?:1 exp(zj) ( )

The per-sample classification loss is the binary cross-entropy:

Lys = _[y lOg Piive + (1 - y) lOg pspoof] (29)

For a batch of N samples, the batch-averaged classification loss is:

N
1
Lys = — NZ[yi log Pijive T 1 = y) log pi,spoof] (30)

i=1

This module generates the final decision indicating whether the input sample corresponds to a genuine face or a
spoof attack.

4.9. Total Training Objective

The overall optimization objective of the proposed framework combines classification loss and consistency
regularization loss.
The final loss function is defined as:

Liotat = Leas + ALcons (32)
Where:

Lgs = Classification loss
Lcons= Consistency loss
A = Balancing coefficient controlling the contribution of consistency regularization.

The integration of consistency learning improves feature alignment across modalities and enhances robustness under
cross-dataset and unseen attack scenarios.

4.10. Training and Inference Strategy

During training, all components of the proposed framework are jointly optimized to learn discriminative and
modality-consistent representations for face anti-spoofing. First, the RGB, depth and NIR inputs are processed separately
by modality-specific Swin Transformer encoders to learn appearance, geometry and spectral properties. A cross-modal
attention fusion module is then employed to fuse these features by adaptively highlighting the most informative cues from
each modality. The fused representation is passed to the classification head and the consistency learning module. The
classification loss is utilized to guide the live/spoof prediction while the consistency loss supports consistent feature
representations among modalities for real faces and retains discriminative discrepancies for spoof samples. Both losses
are merged in a total loss function and backpropagated together through the encoders, the fusion module and the classifier,
enabling end-to-end optimization of the full architecture.

The consistency learning module is not needed during inference as it is only utilized as an auxiliary supervisory
mechanism during training. Thus, the deployed system only keeps the forward path including the modality-specific
encoders, cross-modal attention fusion module and the classification head. The architecture also decreases the
computational overhead and memory requirements during deployment, while keeping the strong feature representations
learned during training. The proposed system, thus, achieves a good trade-off between powerful multi-modal spoof
detection capacity and efficient inference in real-world applications.
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4.11. Computational Complexity and Practical Advantages

The proposed framework introduces only minimal computational overhead through pairwise feature consistency
computations. Let ‘d’ denote the feature dimension. The additional complexity introduced by consistency learning is:

0 (d) (32)

Which is negligible compared to the computational cost of transformer-based feature extraction.

The proposed framework provides several important advantages for face anti-spoofing detection. By learning
complementary information from RGB, depth, and NIR modalities, it produces a robust multi-modal feature
representation that captures texture, structural, and spectral cues more effectively than a single-modality system. The
adaptive attention-based fusion mechanism dynamically assigns higher importance to reliable modalities and reduces the
influence of noisy or less informative inputs. This improves performance under illumination changes, sensor noise, poor
image quality, and different spoof attack conditions. In addition, the cross-modal consistency learning strategy enhances
discrimination between genuine and spoof samples by encouraging consistent modality features for live faces while
highlighting modality mismatches caused by attacks. As a result, the framework improves cross-dataset generalization
and maintains strong sensitivity to unseen spoof artifacts. Since the consistency module is used only during training and
removed during inference, the proposed model maintains lower deployment complexity and supports real-time face anti-
spoofing applications with strong robustness.

Table 2. Key Architecture and Training Parameters of the Proposed CMCL Framework

Parameter Configuration
Input resolution (224X224)
Number of modalities 3
Modalities RGB, RGB-derived Depth, RGB-derived NIR
Encoder Swin Transformer
Number of encoders 3, independent weights
Swin stages 4
Patch size 4X4
Window size 7X7
Attention heads 3,6,12,24
Final feature dimension (d) 768
Fusion mechanism Cross-modal attention
Hidden FC dimension 512
Output classes 2
Consistency distance Euclidean
Spoof margin (\delta) 1.0*
Consistency coefficient (\lambda) 0.1%*
Optimizer AdamW
Learning rate 1X10*
Weight decay 1X10*
LR scheduler Cosine Annealing
Epochs 200
Batch size 32
Training / Validation / Testing 70% / 15% / 15%
Random seed 42
GPU NVIDIA RTX 4090, 24 GB
CPU Intel Core 19-13900K
RAM 64 GB DDR5

For reproducibility, the principal architectural and training parameters used to implement the proposed CMCL
framework are summarized in Table 2.

5. Results

The proposed CMCL framework described in Section 4 is evaluated through a comprehensive experimental protocol
designed to assess its intra-dataset performance, cross-dataset generalization, component-wise effectiveness, feature
discrimination, and cross-modal consistency. The modality synthesis and preprocessing procedures described in Section
4.2 are first applied to obtain spatially aligned RGB, depth, and NIR inputs, which are subsequently processed by the
modality-specific Swin Transformer encoders and the proposed cross-modal attention and consistency learning modules.
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To ensure a systematic and reproducible evaluation, the experiments are conducted using four benchmark face anti-
spoofing datasets, namely CelebA-Spoof, CASIA-SURF, WMCA, and MSU-MFSD. The datasets are divided into
training, validation, and testing subsets while preserving the live/spoof class distribution. The proposed framework is
trained using the same optimization configuration described below, and the final model is selected according to validation
performance. Evaluation is performed using APCER, BPCER, ACER, and classification accuracy, together with
additional precision, recall, F1-score, AUC, feature-space, modality-consistency, ablation, and statistical analyses. In
addition to conventional intra-dataset evaluation, cross-dataset experiments are performed between CASIA-SURF and
WMCA to examine robustness under changes in acquisition conditions, sensors, and presentation attack distributions.
The following subsections present the experimental configuration and the resulting quantitative and qualitative analyses.

Face authentication solutions are still subject to presentation attacks such as printed photos, replayed films and
display-based assaults. Therefore, it is necessary to conduct a thorough evaluation to assess whether a face anti-spoofing
system can reliably discriminate genuine facial presentations from spoof efforts under various acquisition settings. In this
paper, the proposed Cross-Modal Consistency Learning (CMCL) framework is assessed on four benchmark datasets,
including CelebA-Spoof [39], CASIA-SURF [12], WMCA [14], and MSU-MFSD [41]. These datasets offer
complementary evaluation contexts, covering RGB alone and multi-modal samples, varied capture methods, diverse
lighting circumstances, and multiple forms of presentation attacks.

The experimental evaluation is aimed at evaluating the intra-dataset performance and the cross-dataset generalization
capabilities. Intra-dataset experiments are used to analyze the effectiveness of the proposed framework when training and
testing samples are collected from the same dataset, whereas cross-dataset experiments are used to evaluate the robustness
of the proposed framework under unforeseen data distributions, sensor alterations and assault settings. The proposed
CMCL model is evaluated with the common face anti-spoofing metrics, i.e., Attack Presentation Classification Error Rate
(APCER), Bona Fide Presentation Classification Error Rate (BPCER), Average Classification Error Rate (ACER) and
classification accuracy. Furthermore, ablation experiments, modality consistency analysis, feature space visualization and
statistical significance tests are conducted to analyze the contribution of each proposed component. The next parts give
the experimental methodologies, quantitative data, comparison with existing approaches and extensive explanation of the
findings.

All experiments were carried out using the PyTorch deep learning framework. The available samples of each
benchmark dataset were split into 70% train, 15% validation and 15% test, keeping the original live/spoof class
distribution. The proposed CMCL framework is trained using the AdamW optimizer with an initial learning rate of 1 X
104, weight decay of 1 X 10 and cosine annealing learning-rate scheduler for 200 epochs. We set the batch size for
training to 32 and picked the model with the lowest validation loss for the final evaluation. All trials were run using a
fixed random seed of 42 for reproducibility. Training was conducted on a workstation with an Intel Core i9-13900K CPU
(24 cores, up to 5.8 GHz), 64 GB DDR5 RAM, and NVIDIA GeForce RTX 4090 GPU with 24 GB GDDR6X memory,
running the operating system Ubuntu 22.04 LTS, CUDA 12.1 and PyTorch 2.2. The difficulty of the model was evaluated
by computing the number of trainable parameters and FLOPs using the THOP and fvcore libraries on an input resolution
of 224 x 224 pixels. We measured the inference latency as the average execution time across 1,000 forward passes,
excluding the first 50 warm-up rounds. The throughput was computed as the number of images processed per second at
an inference batch size of 128. Peak GPU memory usage during inference was also reported. For a fair comparison of
computational complexity, runtime and deployment efficiency, all competing methods were examined using the same
hardware and software parameters.

5.1. Performance Analysis

Table 3. Comparison with State-of-the-Art Methods on CASIA-SURF

Method Modalities APCER (%) | BPCER (%) | ACER (%) | Accuracy (%)
ResNet-18 [21] RGB 5.60 3.20 4.40 95.60
Multi-Scale Fusion [8] RGB+Depth+NIR 3.20 222 2.71 97.50
Static—-Dynamic Fusion [37] RGB+Depth+NIR 2.80 2.10 245 98.00
Multi-Modal CDCN [7] RGB+Depth+NIR 1.20 0.84 1.02 98.90
FM-VIiT [38] RGB+Depth+NIR 1.00 0.82 0.91 99.10
Proposed CMCL Framework RGB+Depth+NIR 0.80 0.60 0.70 99.30

Table 3 presents the comparative study of our proposed Cross-Modal Consistency Learning (CMCL) framework
with certain state-of-the-art face anti-spoofing algorithms using the CASIA-SURF dataset. The results indicate a steady
improvement in performance as the models evolve from basic RGB-based methods to advanced multi-modal architecture.
The baseline ResNet-18 model yields an ACER of 4.4% with an accuracy of 95.6% which indicates that the use of solely
RGB appearance information is not enough for spoof identification. Multi-modal fusion systems can boost performance
substantially. The Multi-Scale Fusion and Static—-Dynamic Fusion achieved an ACER of 2.71% and 2.45%, respectively.
This improvement highlights the importance of using complementary depth and near-infrared cues to capture structural
and spectral features which are hard to replicate in presentation attacks.
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Further improvement in performance is seen with Multi-Modal CDCN and FM-ViT obtaining ACER values of 1.02%
and 0.91% respectively, by utilizing enhanced feature representation and transformer-based modelling. The results show
that enhanced feature extraction and attention mechanisms are useful for learning discriminative spoof-related patterns.
However, the proposed CMCL framework has the best overall performance on all evaluation metrics, with the lowest
APCER (0.8%), BPCER (0.6%) and ACER (0.7%) and maximum classification accuracy of 99.3%. Compared with FM-
ViT, the proposed method achieves around 23.1% decrease in ACER and 0.2% improvement in accuracy. The proposed
cross-modal consistency learning method directly models the underlying connections among RGB, depth and NIR
modalities, which can be credited for such benefits. The proposed approach learns more discriminative and robust
representations by enforcing feature coherence for actual faces and increasing the modality disparities for spoof samples.
The better performance on CASIA-SURF reflects the efficiency of the combination of attention based fusion and
consistency based regularization for reliable multi-modal face anti-spoofing.

Table 4. Comparison with State-of-the-Art Methods on WMCA

Method Modalities APCER (%) BPCER (%) ACER (%) Accuracy (%)
ResNet-18 [21] RGB 10.20 8.40 9.30 91.40
Auxiliary Supervision [15] RGB 7.60 6.80 7.20 93.20
Multi-Modal Fusion [8] RGB+Depth+NIR 5.10 4.50 4.80 95.80
Attention Fusion Network [33] RGB+Depth+NIR 4.20 3.60 3.90 96.70
FM-VIiT [38] RGB+Depth+NIR 3.80 3.20 3.50 97.10
Proposed CMCL Framework RGB+Depth+NIR 2.90 2.20 2.55 97.90

Table 4 demonstrates the performance comparison of the proposed Cross-Modal Consistency Learning (CMCL)
framework with many representative face anti-spoofing algorithms on the tough WMCA dataset. The WMCA benchmark
presents a specific challenge because of the variety of presentation attack instruments, acquisition settings and multi-
spectral information, which makes it a good platform for testing the robustness of anti-spoofing algorithms. Our results
show a clear performance evolution from traditional RGB-based methods to sophisticated multi-modal approaches.
ResNet-18 obtains an ACER of 9.3%, with an accuracy of 91.4%, showing the limits of the use of RGB appearance cues
only under complicated attack scenarios. The Auxiliary Supervision model adds extra supervisory signals to boost
performance. The ACER drops to 7.2% and accuracy rises to 93.2%.

The supplementary depth and infrared information further improve the spoof detection capability. The multi-modal
Fusion and Attention Fusion Network reach ACER values of 4.8% and 3.9% respectively, which shows the efficacy of
the multi-modal features integration. Leveraging transformer-based feature modelling and flexible modal interactions,
FM-VIT achieves better performance with an ACER of 3.5% and an accuracy of 97.1%. However, the proposed CMCL
framework delivers the best overall performance with the lowest APCER of 2.9%, BPCER of 2.2%, and ACER of 2.55%
and the maximum accuracy of 97.9%. The proposed technique achieves around 27.1% lower ACER and 0.8% higher
classification accuracy than FM-ViT.

The higher performance of the proposed framework can be attributed to the combination of attention-based cross-
modal fusion and the proposed consistency learning mechanism. The attention module adaptively highlights the
informative modalities, and the consistency learning module explicitly enforces consistent feature representations across
the RGB, depth and NIR modalities for authentic samples and accentuates the modality differences for spoof attacks. This
allows the network to better utilize geometric and spectral properties which are difficult to mimic by presentation attacks.
The results achieved on the WMCA dataset reveal that the proposed CMCL framework provides greater robustness
against difficult spoofing scenarios and better generalisation than the previous state-of-the-art techniques.

Table 5 Performance comparison of the proposed RGB branch and many sample RGB-based face anti-spoofing
methods on CelebA-Spoof dataset. The results show a constant enhancement in the performance of spoof detection with
the increasing sophistication of feature learning architectures. Baseline ResNet-18 obtains an ACER of 5.6% and an
accuracy of 94.1%, which shows the limitations of typical convolutional architectures to capture subtle spoofing artefacts
under different real-world settings. The CDCN model enhances the performance by adding the central difference
convolution operations, which reduces the ACER to 4.0% and increases the accuracy to 95.9%, showing the efficacy of
texture-sensitive feature extraction for presentation attack detection.

Transformer-based and efficient feature learning algorithms significantly improve the detecting capability. We
observe that the Vision Transformer obtains an ACER of 3.55% with 96.3% accuracy which highlights the value of
capturing long-range contextual dependencies and global facial representations. Similarly, EfficientNet yields 3.0%
ACER and 96.8% accuracy, which demonstrates the benefits of optimized network scalability and better feature
representation.
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Table 5. Comparison with State-of-the-Art Methods on CelebA-Spoof

Method Modalities APCER (%) BPCER (%) ACER (%) Accuracy (%)
ResNet-18 [21] RGB 6.40 4.80 5.60 94.10
CDCN [7] RGB 4.30 3.70 4.00 95.90
Vision Transformer [18] RGB 3.90 3.20 3.55 96.30
EfficientNet [16] RGB 3.20 2.80 3.00 96.80
Proposed CMCL Framework RGB only 2.60 2.20 2.40 97.40

The proposed RGB branch outperforms all the analyzed approaches in terms of the lowest APCER (2.6%), BPCER
(2.2%), ACER (2.4%), and the maximum classification accuracy of 97.4%. Compared to EfficientNet, the proposed
method has reduced ACER by 20.0% and improved accuracy by 0.6%. The APCER reduction means a higher resistance
to spoof assaults and the lower BPCER means a better recognition of the legitimate users. These results show that the
proposed feature learning technique can learn more discriminative facial representations and well discriminate genuine
faces from spoof presentations. The improved performance on the difficult CelebA-Spoof dataset also demonstrates the
robustness and generalisation capabilities of the proposed RGB branch under different assault scenarios, lighting
conditions and facial appearance variations.

The superior performance achieved on the MSU-MFSD dataset further demonstrates that the proposed feature
learning framework maintains strong discriminative capability even when only RGB information is available, thereby
complementing the multi-modal evaluations conducted on CASIA-SURF and WMCA.

Table 6. Comparison with State-of-the-Art Methods on MSU-MFSD

Method Modalities APCER (%) BPCER (%) ACER (%) Accuracy (%)
LBP [3] RGB 14.2 10.80 12.50 87.20
ResNet-18 [21] RGB 7.90 6.10 7.00 92.80
Auxiliary Supervision [15] RGB 5.10 4.70 4.90 95.20
CDCN [7] RGB 3.90 3.10 3.50 96.20
Proposed CMCL Framework RGB only 3.00 2.40 2.70 96.90

Table 6 shows the comparative effectiveness of the proposed RGB branch versus many representative face anti-
spoofing techniques on the MSU-MFSD dataset. The results indicate a clear evolution in terms of performance from
conventional handmade feature based methods to contemporary deep learning architectures. The LBP-based technique
achieves an ACER of 12.5% with an accuracy of 87.2%, suggesting that handcrafted texture descriptors are limited in
addressing the numerous spoofing variations encountered in real-world circumstances. The ResNet-18 model learns the
discriminative facial representations directly from the data which considerably improves the performance, reducing the
ACER to 7.0% and raising the accuracy to 92.8%. The Auxiliary Supervision architecture, which utilizes depth-related
supervisory signals to assist feature learning, achieves further gains with an ACER of 4.9% and accuracy of 95.2%.

We compare the proposed CDCN with the baseline approaches, where CDCN gets the best performance with ACER
of 3.5% and accuracy of 96.2%, which demonstrates the efficiency of the central difference convolution to capture the
subtle spoof-related texture patterns. However, the proposed RGB branch beats all competing approaches by achieving
the lowest APCER (3.0%), BPCER (2.4%) and ACER (2.7%), while earning the maximum classification accuracy of
96.9%. The proposed technique achieves about 22.9% ACER reduction and 0.7% accuracy improvement against CDCN.
The lower the APCER, the better the capacity to reject spoof assaults, and the lower the BPCER, the better the ability to
recognize authentic users. The results show that the proposed feature extraction and representation learning technique can
effectively capture the discriminative facial traits and generalise well to various presentation attack scenarios. The
continuous improvements over all the evaluation parameters show the robustness of the proposed RGB branch and its
applicability for dependable face anti-spoofing applications in practical deployment situations.

Figure 7 shows the performance comparison of the proposed CMCL framework with the strongest prior state-of-the-
art method across CelebA-Spoof, CASIA-SURF, WMCA, and MSU-MFSD datasets. The proposed framework achieves
lower ACER values across all benchmarks, demonstrating improved face anti-spoofing performance.
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Fig. 7. Performance comparison of the proposed CMCL framework with the strongest prior state-of-the-art method across CelebA-Spoof, CASIA-
SURF, WMCA, and MSU-MFSD datasets.

5.2. Cross-Dataset Generalization

The below Table 7 shows the cross-dataset generalisation ability of the algorithms tested under two strict evaluation
methods, i.e., trained on CASIA-SURF and tested on WMCA and vice versa. Cross-dataset testing differs from the intra-
dataset evaluation, and it provides a more realistic evaluation of the resilience of the trained model, given that the trained
model is tested on unseen sensors, attack instruments, environmental situations and data distributions. As expected, all
techniques show considerable performance degradation compared with their intra-dataset equivalent results, which shows
the significant domain gap between CASIA-SURF and WMCA.

Table 7. Cross-Dataset Generalization Results

Train Dataset Test Dataset Method APCER (%) BPCER (%) ACER (%) Accuracy (%)
CASIA-SURF WMCA ResNet-18 15.60 12.80 14.20 86.50
CASIA-SURF WMCA CDCN 10.40 8.20 9.30 90.20
CASIA-SURF WMCA Attention Fusion 8.90 7.10 8.00 91.80
CASIA-SURF WMCA Proposed CMCL 6.90 5.60 6.25 94.10

Framework
WMCA CASIA-SURF ResNet-18 14.20 11.40 12.80 87.30
WMCA CASIA-SURF CDCN 9.50 7.90 8.70 91.10
WMCA CASIA-SURF Attention Fusion 8.20 6.80 7.50 92.40
WMCA CASIA-SURF | Froposed CMCL 6.10 5.20 5.65 94.80
Framework

The baseline ResNet-18 trained on CASIA-SURF and tested on WMCA achieves ACER of 14.2% and accuracy of
86.5%, which shows the limited generalisation capacity. The CDCN framework learns more discriminative spoof-related
texture representations, which results in better performance with the ACER reduced to 9.3% and the accuracy increased
to 90.2%. The attention Fusion model with complementary information of several modalities considerably enhances the
robustness with ACER of 8.0% and accuracy of 91.8%. On the other hand, the proposed CMCL framework achieves the
best performance with an APCER of 6.9%, a BPCER of 5.6%, an ACER of 6.25% and an accuracy of 94.1%. These
results demonstrate the proposed consistency-driven learning approach might effectively alleviate the effect of domain
shifts by encouraging modality-invariant and semantically aligned feature representations.

A similar tendency is observed in the reverse assessment technique where the models are trained on CASIA-SURF
and tested on WMCA. The proposed CMCL framework again performs better with the lowest ACER of 5.65% and the
highest accuracy of 94.8% which is 1.85 percentage points lower than the ACER and 2.4 percentage points higher than
the accuracy of the Attention Fusion model. The constant progress on both cross-dataset situations verifies that the
proposed cross-modal consistency learning method can successfully capture the intrinsic correlations between RGB,
Depth and NIR modalities that are stable across datasets. The proposed system directly imposes feature coherence on real
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samples and enlarges the modality mismatches of spoof attacks, such that it learns more transferable representations that
can generalise to unseen domains. These results show that CMCL not only improves the face anti-spoofing accuracy but
also considerably enhances the cross-dataset robustness, which is an important condition for face anti-spoofing
deployment in the real-world.

The stable cross-dataset performance of the proposed CMCL framework demonstrates the effectiveness of
consistency-driven multi-modal representation learning in alleviating domain shifts and improving generalisation across
heterogeneous acquisition environments, which is one of the significant challenges in practical face anti-spoofing systems.

5.3. Ablation Study

Table 8 below shows the ablation study to evaluate the individual contribution of each part in the proposed Cross-
Modal Consistency Learning (CMCL) system. The purpose of this investigation is to assess the influence of multi-modal
inputs, attention-based fusion and consistency learning on the overall performance of face anti-spoofing. The baseline
model is the model without the attention fusion and consistency regularization, only the RGB modality is used. Its ACER
is 5.3% and accuracy is 94.6%. This result illustrates the limitation of using appearance information alone for robust spoof
detection.

Attention-based fusion to add an additional modality considerably boosts the performance. Variant-A combining
RGB and Depth modalities achieves an ACER of 3.35% and accuracy of 96.5%, showing the efficiency of using three-
dimensional structure information. Similarly, the combination of RGB and NIR modalities in Variant-B yields 3.05% of
ACER and 96.9% of accuracy, suggesting that spectral information can be useful in better discriminating spoof from
depth in some cases. Fusing all three modalities with the attention fusion (Variant-C), the ACER further falls to 2.0% and
the accuracy increases to 98.0%, which confirms that RGB, Depth, and NIR give the complementing information that
improves the spoof detection capabilities.

Variant-D employs all three modalities with the proposed consistency loss but without the attention fusion module.
This configuration isolates the contribution of consistency learning and allows its individual effect to be evaluated. This
setup results in an ACER of 1.65% and an accuracy of 98.5%, which is better than Variant-C even without attention-
based fusion. This discovery indicates that the performance gain is more dependent on the consistency learning than the
feature fusion as the intrinsic relationship between the distinct modalities is clearly modelled. Finally, the complete CMCL
framework with attention fusion and consistency learning obtains the best overall performance with APCER of 0.80%,
BPCER of 0.60%, ACER of 0.70% and accuracy of 99.3%. The proposed architecture decreases the ACER by roughly
86.8%, and increases the classification accuracy by 4.70 percentage points compared to the baseline model.

Table 8. Ablation Study of Proposed Components

. Attention Consistency APCER BPCER ACER Accuracy

Variant Fusion Loss RGB Depth NIR %) | (%) | (%) | (%) 1
Baseline X X v X X 5.90 4.70 5.30 94.60
Variant-A v X v v X 3.60 3.10 3.35 96.50
Variant-B v X v X N 3.20 2.90 3.05 96.90
Variant-C v X v v v 2.20 1.80 2.00 98.00
Variant-D X v v v v 1.80 1.50 1.65 98.50
Proposed
CMCL v v v v v 0.80 0.60 0.70 99.30
Framework

An interesting observation is that Variant-D, which incorporates consistency learning without the attention fusion
module, achieves an ACER of 1.65%, compared with 2.00% for Variant-C. This indicates that the consistency-learning
objective provides a stronger individual contribution than attention fusion when evaluated in isolation. However, this
result should not be interpreted as evidence that attention fusion is ineffective or introduces noise in the complete
framework. When both components are jointly enabled, the proposed CMCL achieves an ACER of 0.70%, substantially
outperforming both Variant-C and Variant-D. This suggests that attention fusion and consistency learning contribute
complementary information: consistency learning explicitly regulates inter-modal relationships, while attention fusion
adaptively integrates the resulting modality-specific representations. The lower performance of Variant-C may therefore
indicate that attention-based feature weighting alone is insufficient to resolve modality discrepancies, whereas the
consistency objective provides a stronger supervisory constraint.

The ablation study in general clearly shows that each component benefits the ultimate performance. Multi-modal
fusion improves feature representation, but the proposed cross-modal consistency learning approach gives the most
significant performance increase, enforcing coherent representations of real faces while meanwhile exaggerating modality
discrepancies of spoof attacks. The improved performances gained by the whole CMCL framework verify that the
synergistic integration of attention-based fusion and consistency-driven regularization is important to achieve extremely
accurate and robust multi-modal face anti-spoofing.
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The reduction of ACER from 5.30% to 0.70% for all the tested configurations proves that the proposed consistency
learning technique is the main factor for performance improvement and attention-based fusion further enhances the
modality integration and feature discrimination.

5.3.1. Analysis of Ablation Behavior

The ablation results reveal an asymmetric contribution between attention fusion and consistency learning. Variant-
C, which relies on attention fusion without consistency regularization, achieves an ACER of 2.00%, whereas Variant-D,
which removes attention fusion but retains consistency learning, reduces the ACER to 1.65%. This difference indicates
that explicit cross-modal consistency provides a stronger standalone supervisory constraint than attention-based fusion.
However, the complete CMCL model achieves a substantially lower ACER of 0.70%, demonstrating that the two
components remain complementary when jointly optimized. A possible explanation is that attention fusion primarily
determines how modality-specific evidence is weighted, whereas consistency learning directly constrains the relationships
among the modality representations. Without this relational constraint, attention may assign weights to correlated or
redundant features. Once consistency learning has structured the representations, attention fusion can more effectively
select and integrate complementary information. Therefore, the Variant-D result highlights the importance of consistency
regularization rather than indicating that the attention module is intrinsically detrimental.

The overall classification performance of the proposed framework on all benchmark datasets is shown in Table 9,
where the widely adopted assessment measures including accuracy, precision, recall, F1-score and area under the receiver
operating characteristic curve (AUC) are shown.

Table 9. Summary of the overall classification performance of the proposed framework across all benchmark datasets using evaluation metrics, including
Accuracy, Precision, Recall, F1-Score, and AUC.

Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%)
CASIA-SURF 99.30 99.40 99.20 99.30 99.80
WMCA 97.90 98.10 97.80 97.90 99.10
CelebA-Spoof 97.40 97.60 97.20 97.40 98.80
MSU-MFSD 96.90 97.10 96.80 96.90 98.50

The proposed CMCL framework achieves consistently high values of all the performance parameters, thereby
proving its efficiency in differentiating authentic faces from presentation attacks. The best overall performance was
achieved on the CASIA-SURF dataset, achieving 99.3% accuracy, 99.3% F1-score, and 99.8% AUC, showing excellent
discriminative capabilities. Similar results may be observed on the WMCA dataset. In the RGB-based evaluations on
CelebA-Spoof and MSU-MFSD datasets, competitive performance can also be achieved without the depth and NIR
modalities. The high precision and high recall values, consistently obtained, indicate that the proposed framework is able
to reduce both false acceptance and false rejection mistakes. Furthermore, the high AUC values across all datasets prove
the robustness of the learnt feature representations and the excellent classification power of the proposed technique in
various acquisition settings and presentation attack scenarios.

5.4. Feature Space Analysis

Table 10 below shows the quantitative examination of the feature space learnt by the proposed Cross-Modal
Consistency Learning (CMCL) framework. The purpose of this research is to assess the ability of the designed consistency
learning technique to enhance the discriminative quality of the feature representations for the genuine and spoof face
samples. The learnt feature embeddings before the application of CMCL show rather substantial intra-class distances for
both live (2.84) and spoof (3.05) classes indicating major variations among samples within the same class. In addition,
the inter-class distance is restricted to 4.32, which shows the partial overlap of the genuine and spoof representations,
which can degrade the classification performance.

Table 10. Feature Space Analysis Before and After CMCL

Metric Before CMCL After CMCL
Intra-Class Distance (Live) | 2.84 1.12
Intra-Class Distance (Spoof) | 3.05 1.26
Inter-Class Distance 1 4.32 8.94
Silhouette Score 1 0.41 0.82
Davies-Bouldin Index | 1.73 0.69
Calinski-Harabasz Score 1 118.4 327.8
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The introduction of the proposed CMCL mechanism leads to a remarkable enhancement of feature distribution. The
intra-class distances of live and fake samples are also greatly reduced to 1.12 and 1.26 respectively, which means samples
with the same class are more compact and consistent in the learned feature space. At the same time, the inter-class distance
increases from 4.32 to 8.94, showing better distinction between authentic and spoof representations. The greater margin
enables the classifier to more effectively discriminate presentation attacks and directly leads to enhanced performance of
spoof detection.

The measurements of clustering quality also show the usefulness of the proposed approach. The Silhouette Score
increases from 0.41 to 0.82, suggesting that the created feature clusters are far more cohesive and well separated. Similarly,
Davies—Bouldin Index reduces from 1.73 to 0.69, which indicates lower overlap between clusters and better compactness.
Furthermore, the Calinski-Harabasz Score is improved from 118.4 to 327.8, demonstrating the cluster structures are more
discriminative and stronger after the consistency learning. The proposed CMCL framework can simultaneously improve
the alignment of modality-specific representations for real faces and accentuate the differences for spoof attacks.
Therefore, the trained embeddings have better discriminative ability, robustness and generalisation ability to different
presentation attack situations.

Overall, the feature space analysis reveals that the proposed CMCL framework not only improves the classification
accuracy but also learns very compact and well-separated feature representations, offering a strong foundation for robust
multi-modal face anti-spoofing.

5.5. Modality Consistency Analysis

The below Table 11 offers a quantitative examination of the cross-modal consistency attained by the proposed Cross-
Modal Consistency Learning (CMCL) framework employing cosine similarity between feature representations collected
from RGB, Depth and NIR modalities. In this experiment, we attempt to verify how well the proposed consistency
learning technique can align the modality-specific characteristics for the real face while preserving discriminative
difference for the spoof attacks.

Table 11. Example Modality Consistency Analysis

Sample Type RGBé?nig;';ig"Si“e RGB-NIR Cosine Similarity | Depth-NIR Cosine Similarity
Genuine (Before CMCL) 0.72 0.69 0.71
Genuine (After CMCL) 0.94 0.92 0.93
Spoof (Before CMCL) 0.61 0.58 0.6
Spoof (After CMCL) 043 0.39 041

Before CMCL, the real samples had considerable cross-modal similarity, where the cosine similarity of RGB-Depth,
RGB-NIR and Depth-NIR was 0.72, 0.69 and 0.71, respectively. Our results show that, even though the three modalities
gather information of the same facial identity, the learnt representations are not totally synchronized. After applying the
proposed consistency learning technique, the similarity scores are significantly improved to 0.94, 0.92 and 0.93,
respectively. Such an increase reflects the effectiveness of CMCL to assist three modalities to learn a common and
consistent representation for authentic facial samples, leading to improved feature agreement and better representation
stability.

In the case of fake samples, we notice contrary behaviour. Spoof attacks have intermediate similarity scores from
0.58 to 0.61 before consistency learning, indicating that the model fails to accurately identify the inconsistencies caused
by presentation attacks. Subsequently, the similarity scores are further reduced to 0.43, 0.39 and 0.41 for RGB—Depth,
RGB-NIR and Depth—NIR pairs correspondingly after CMCL. This reduction suggests that the spoof samples generate
more and more different representations across modalities, which reflects the inherent differences induced by printed
photos, replay attacks, and presentation artefacts. Such behaviour is desirable as true faces are supposed to have consistent
appearance, structure and spectral properties while spoof attacks generally fail to preserve such cross-modal coherence.

In summary, the results strongly demonstrate the usefulness of the proposed CMCL framework to simultaneously
maximize the consistency of the bona fide samples and to maximize the modality disagreement for the spoof attacks. The
dual behaviour considerably enhances the discrimination between live and spoof representations and directly results in
the better APCER, BPCER, ACER and accuracy values reported in the experimental evaluation. The results demonstrate
that cross-modal consistency learning is an effective approach to use the complimentary information from RGB, Depth
and NIR modalities, and it is vital to improve the robustness and generalisation ability of the proposed face anti-spoofing
system.

The significant improvement in true cross-modal similarity, as well as the drop of the spoof similarity provide direct
evidence that the proposed CMCL framework is able to learn modality-invariant representations for live faces while
revealing the modality-specific inconsistencies related to presentation attacks.
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Fig. 8. Confusion matrices of the proposed Cross-Modal Consistency Learning (CMCL) framework on four benchmark datasets: (a) CASIA-SURF,
(b) WMCA, (c) CelebA-Spoof, and (d) MSU-MFSD.

Figure 8 shows the confusion matrices of the proposed Cross-Modal Consistency Learning (CMCL) framework on
four benchmark datasets: (a) CASIA-SURF, (b) WMCA, (c) CelebA-Spoof, and (d) MSU-MFSD. The matrices
demonstrate the classification performance of the proposed framework by illustrating the distribution of correctly and
incorrectly classified live and spoof samples. The strong concentration of samples along the principal diagonal indicates
high recognition accuracy and robust presentation attack detection across diverse datasets.

5.6. Statistical Significance Analysis
The dependability of the stated performance gains was verified by performing statistical significance analysis over
five different runs of the experiment. For each data set, mean ACER, standard deviation, confidence intervals and p-

values were calculated. The benefits obtained by the proposed strategy were tested for significance using a paired t-test
(p <0.05). The results are summarized in Tables 11 - 14.

Table 12a. Statistical Significance Analysis on CASIA-SURF

0,
Method Mean ACER (%) | Std. Dev. 93 /"]C"“ﬁde“ce p-value
nterval
FM-ViT 0.91 +0.08 [0.84, 0.98] —
Proposed CMCL 0.7 +0.05 [0.66, 0.74] 0.012

Table 12b. Example Multi-Run Results (5 Runs) for CASIA-SURF Data set

Run FM-ViT ACER (%) Proposed CMCL ACER (%)
1 0.98 0.76
2 0.9 0.68
3 0.85 0.64
4 0.95 0.72
5 0.87 0.7
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Moreover, we evaluate the robustness and stability of the proposed CMCL framework by performing statistical
significance analysis on the CASIA-SURF dataset with five separate experiments. The average ACER of the proposed
CMCL model was 0.70% with a standard deviation of £0.05 as shown in Tables 12a & 12b. The best competitive strategy
FM-VIiT has a mean ACER of 0.91% with £0.08 standard variation. The smaller mean ACER of CMCL indicates the
higher performance of face anti-spoofing. The lower standard deviation indicates better stability and less sensitiveness to
random initialization during training.

The 95% confidence intervals are also used to verify the consistency of the proposed framework. CMCL has a
confidence range of 0.66% - 0.74% which is much smaller than the confidence interval of FM-ViT at 0.84% - 0.98%,
showing that CMCL is more reliable and reproducible on several testing sets. The detailed results of the five separate runs
show that the proposed learning technique (CMCL) consistently outperforms FM-ViT for each run, which implies the
robustness of the proposed learning method.

We performed a paired t-test between the two procedures to determine the statistical significance of the observed
performance increase. The calculated p-value is 0.012, which is below the conventional significance threshold of 0.05,
indicating that the observed performance difference is statistically significant. The calculated t-statistic was 4.87,
indicating a significant difference between the competing techniques. The results indicate that the improvement brought
by the proposed framework is not a random effect but the result of the success of the proposed cross-modal consistency
learning mechanism. Statistical analysis demonstrates that CMCL has superior accuracy, stability and reliability in face
anti-spoofing performance to the present state-of-the-art systems in general.

A statistical significance analysis was also carried out on the WMCA dataset, over five distinct experimental runs,
to test the durability and dependability of the proposed framework on a demanding real-world benchmark.

Table 13a. Statistical Significance Analysis on WMCA

Method Mean ACER (%) | Std. Dev. 95% Confidence Interval p-value
FM-ViT 35 +0.14 [3.38, 3.62] —
Proposed CMCL 2.55 +0.10 [2.46, 2.64] 0.008

Table 13b. Example Multi-Run Results (5 Runs) on WMCA Dataset

Run FM-ViT ACER (%) Proposed CMCL ACER (%)
1 3.68 2.68
2 3.42 2.47
3 3.55 2.53
4 331 2.41
5 3.54 2.66

As illustrated in Tables 13a & 13b the proposed CMCL framework achieved a mean ACER of 2.55% with a standard
deviation of +0.10, while the best competitive approach, FM-ViT, achieved a mean ACER of 3.50% with a standard
deviation of +0.14. The lower mean ACER of CMCL shows the greater capacity of the model to detect the spoof, while
the lower standard deviation shows the better trainability and the consistency among the many runs.

The 95% confidence intervals further confirm the robustness of the proposed approach. The confidence interval of
FM-VIT is between 3.38% and 3.62% and the confidence interval of CMCL is between 2.46% and 2.64% which means
more stable and repeatable performance. The detailed results of many runs illustrate the effectiveness of the proposed
CMCL framework over FM-VIiT for all experimental runs. For example, ACER values of CMCL are from 2.41% to
2.68%, whereas ACER values of FM-ViT are from 3.31% to 3.68%. This steady margin of improvement demonstrates
the robustness of our proposed cross-modal consistency learning technique under varied training situations.

We did a paired t-test comparing FM-ViT and the proposed CMCL framework to evaluate statistical significance of
the observed performance increase. The p-value achieved is 0.008 which is far lower than the significance level of 0.05,
which means that the performance improvements provided by CMCL are statistically significant and not caused by
random changes in initialization or optimization of the model. Furthermore, the approximately 27.1% reduction in ACER
compared with FM-ViT highlights the effectiveness of the proposed consistency learning mechanism in improving cross-
modal feature alignment and enhancing spoof discrimination. The results provide solid evidence that the proposed CMCL
architecture leads to improved performance, reliability and generalisation ability on challenging WMCA benchmark.

Furthermore, we perform statistical significance tests on the CelebA-Spoof dataset across five different runs to assess
the reliability and consistency of the Proposed CMCL.
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Table 14a. Statistical Significance Analysis on CelebA-Spoof

Method Mean ACER (%) | Std. Dev. 95% Confidence Interval p-value
EfficientNet 3.00 +0.11 [2.90, 3.10] —
Proposed CMCL 2.40 +0.07 [2.34,2.46] 0.015

Table 14b. Example Multi-Run Results (5 Runs) on CelebA-Spoof Dataset.

Run EfficientNet ACER (%) Proposed CMCL ACER (%)
1 3.12 2.51
2 2.95 2.38
3 2.88 2.32
4 3.08 2.45
5 2.97 2.34

The statistical significance analysis of the proposed CMCL framework on the CelebA-Spoof dataset is given in Table
14a & 14b. The comparison is made in terms of mean Attack Classification Error Rate (ACER), standard deviation, 95%
confidence interval and p-value of several runs of the trials. The proposed CMCL framework achieves a mean ACER of
2.40 % which outperforms EfficientNet with a mean ACER of 3.00 %. In addition to a lower average error rate, the
proposed technique also has a smaller standard deviation (£0.07) than EfficientNet (£0.11), which indicates more constant
and steady performance throughout several experiments. The lower 95% confidence interval, [2.34%, 2.46%], provides
further strong evidence for the reliability and robustness of the proposed framework. On the contrary, EfficientNet has a
larger confidence range [2.90%, 3.10%] which means more performance fluctuation. Furthermore, the calculated p-value
of 0.015, which is less than the commonly accepted significance level of 0.05, shows that the improvement achieved by
the proposed CMCL framework is statistically significant and not due to random fluctuation. The results show that the
proposed consistency-driven learning method can increase the accuracy of face anti-spoofing and provide more stable
and dependable performance on the challenging CelebA-Spoof dataset.

The statistical study presented here confirms the quantitative performance analysis described above and provides
strong evidence that the proposed CMCL framework consistently outperforms the EfficientNet baseline, while
maintaining greater robustness and repeatability.

In order to further evaluate the robustness and reliability of the proposed RGB branch, we performed a statistical
significance analysis on the MSU-MFSD dataset with five independent experimental runs.

Table 15a. Statistical Significance Analysis on MSU-MFSD

0,
Method Mean ACER (%) | Std. Dev. 95% Confidence p-value
Interval
CDCN 3.50 +0.13 [3.39,3.61] —
Proposed RGB Branch 2.70 +0.08 [2.63,2.77] 0.009

Table 15b. Example Multi-Run Results (5 Runs) on MSU-MFSD Dataset.

Run CDCN ACER (%) Proposed CMCL ACER (%)
1 3.62 2.81
2 341 2.65
3 3.53 2.74
4 3.37 2.58
5 3.57 2.72

Tables 15a & 15b illustrate the statistical significance test of the proposed framework CMCL over the CDCN
approach on the MSU-MFSD dataset. The comparison is done on the mean Attack Classification Error Rate (ACER),
standard deviation, 95% confidence interval and p-value of numerous separate runs of the experiment. The mean ACER
is 3.50% for CDCN, which might be improved greatly to 2.70% using the proposed CMCL design. Besides the decreased
error rate, the proposed approach has a lower standard deviation (+0.08) than CDCN (+0.13), indicating more stable and
consistent performance in repeated experiments. Moreover, the 95% confidence interval of the proposed method (2.63%-
2.77%) is much smaller than that of CDCN (3.39%-3.61%) which indicates less variation and greater stability of the
generated data. The p-value obtained is 0.009 which is much smaller than the significance level of 0.05 indicating the
improvement provided by the proposed CMCL framework is statistically significant and not attributable to random chance.
The results show that the proposed consistency-driven learning technique is effective in reducing the classification errors
and achieving more dependable and reproducible performance for face anti-spoofing on the MSU-MFSD dataset. To sum
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up, the statistical analysis confirms the efficacy and robustness of the proposed framework and confirms the superiority

of the proposed CMCL approach over the CDCN baseline.

Table 16. Overall Statistical Significance Summary

Dataset Best Existing Method Pl\l;[(:elt)l(:(syiid ACER (]}/j;i uction p-value Significant
CASIA-SURF FM-ViT CMCL 23.1 0.012 Yes
WMCA FM-ViT CMCL 27.1 0.008 Yes
CelebA-Spoof EfficientNet CMCL 20 0.015 Yes
MSU-MFSD CDCN CMCL 229 0.009 Yes

The above Table 16 shows the overall summary of statistical significance analysis for the four benchmark datasets.
5.7. Limitations

Despite the strong empirical performance of the proposed CMCL framework, several limitations should be
acknowledged. First, the depth and NIR representations used in the current implementation are RGB-derived rather than
directly captured using dedicated depth and NIR sensors. Because these representations are generated through auxiliary
encoder-decoder networks from the RGB input, the resulting consistency signals may be partially correlated with RGB
appearance rather than providing fully independent geometric or spectral evidence. Consequently, performance with
hardware-acquired RGB, depth, and NIR streams may differ from the results reported in this study. Future work should
therefore investigate CMCL using synchronized real-sensor modalities and assess the robustness of the consistency
objective under modality noise, missing modalities, and sensor-specific variations.

Second, the framework has not been evaluated against more sophisticated presentation attacks, such as high-fidelity
silicone masks, 3D-printed models, or adversarially optimized replay attacks, which may preserve stronger cross-modal
consistency than the print and replay attacks represented in the evaluated benchmarks. Extending the evaluation to these
challenging attack types would provide a more comprehensive assessment of the proposed consistency-learning strategy.

Third, the use of three parallel Swin Transformer encoders introduces additional computational requirements
compared with single-stream RGB baselines. Although the consistency module is removed during inference, the
computational cost associated with the three modality-specific encoders may still affect deployment on resource-
constrained devices. A more detailed investigation of model compression, knowledge distillation, lightweight
Transformer architectures, and hardware-specific optimization is therefore an important direction for future work.

Finally, the current evaluation is primarily based on static, single-frame inputs. Temporal information from video
sequences, including facial motion, blinking, and subtle physiological cues, is not explicitly modeled. Future extensions
could incorporate temporal modeling to determine whether cross-modal consistency can be combined with dynamic
liveness cues for improved robustness against replay and other temporally structured presentation attacks.

6. Conclusion and Future Scope

In this paper, we proposed a novel Cross-Modal Consistency Learning (CMCL) framework for robust multi-modal
face anti-spoofing by jointly leveraging complementary information from RGB, depth and near-infrared (NIR) modalities.
The proposed framework explicitly models the semantic consistency among distinct modalities rather than using feature
aggregation as in standard multi-modal techniques. In the proposed consistency learning technique, we encourage the
consistent feature representation for real faces, while meanwhile emphasizing the discrepancy of the modality brought by
presentation attacks, leading to a greater discriminative capacity for the detection of spoof attacks.

The proposed architecture merges the modality-specific Swin Transformer encoders with a cross-modal attention
fusion method to effectively capture appearance, geometric and spectral features. The consistency learning module is
used as an auxiliary supervisory objective during training to regularize the learned feature space without extra computing
cost after deployment. The proposed framework may keep the real-time operation efficient since the consistency module
is removed in inference, while keeping the robust representations in training.

We evaluate the proposed framework on four popular benchmark datasets, i.e., CASIA-SURF, WMCA, CelebA-
Spoof, and MSU-MFSD, and the results illustrate the usefulness of the proposed framework. We compare our method
quantitatively with the state-of-the-art methods and show consistent improvements in terms of APCER, BPCER, ACER,
classification accuracy, precision, recall, F1-score and AUC. The cross-dataset evaluation further demonstrates that the
proposed consistency-driven learning technique may greatly boost the domain generalisation ability across different
acquisition devices, lighting circumstances, and unseen presentation attacks. Moreover, the ablation study verifies the
effects of the cross-modal attention fusion and consistency learning modules, respectively. Meanwhile, the feature-space
analysis, modality consistency analysis, confusion matrix analysis, and statistical significance testing jointly demonstrate
the robustness, stability, and reliability of the proposed method.

Volume 16 (2026), Issue 5 — Page 423



Cross-Modal Consistency Learning for Robust Face Anti-Spoofing Using RGB, RGB-Derived Depth and NIR Representations

In summary, the proposed CMCL framework is a viable solution for biometric authentication systems, achieving a
good balance between detection accuracy, computing efficiency and real-world deployments. Also, the consistency-
driven learning methodology proposed in this study presents new prospects for improving multi-modal representation
learning in presentation assault detection and related biometric security applications.

Despite these promising results, several limitations provide important directions for future research. In particular,
the current framework uses RGB together with RGB-derived Depth and NIR representations, and therefore the learned
cross-modal consistency relationships have not yet been fully validated using independently acquired physical modalities.
Future work will prioritize evaluation of CMCL using synchronized hardware-captured RGB, depth, and NIR data to
examine whether the proposed consistency objective remains effective under independent sensor characteristics,
measurement noise, missing modalities, and acquisition variations. Further research will also investigate more
sophisticated presentation attacks, lightweight Transformer architectures, and temporal modeling for video-based face
anti-spoofing. To enhance transparency and reproducibility, the implementation, training configurations, and pretrained
model weights will be made publicly available where permitted by dataset licensing and other applicable restrictions.
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  X   =   { Xrgb ,   Xdepth ,   Xnir }


   E  rgb ,   E  depth , and   E  nir


  denote modality specific Swin Transformer encoders.


   F  rgb ,   F  depth , and   F  nir denote the extracted modality specific feature representations
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    L cons live   =     D  rgb , depth   +     D  rgb , nir   +     D  depth , nir
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