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1. Introduction 

Biometric verification has become a routine part of everyday life, used in unlocking smartphones, 
automated border control, and workplace access. Much of this progress has been driven by deep learn-
ing, which has largely replaced hand-crafted feature extractors with learned representations that are, 
in many cases, considerably more discriminative [1]. Despite these advances, a persistent challenge in 
the literature is the lack of fair and controlled comparisons among deep learning architectures. Existing 
studies frequently adopt different datasets, subject partitions, preprocessing procedures, data augmen-
tation strategies, training protocols, and evaluation metrics, making the direct comparison of their re-
ported performance difficult. Consequently, observed performance differences may reflect variations 
in the experimental design rather than the intrinsic capabilities of the evaluated architectures. As em-
phasized in recent comparative studies, rigorous evaluations conducted under consistent experimental 
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Abstract: Comparing the deep learning architectures used for biometric veri-
fication in a fair manner has remained a difficult task. Researchers typically 
rely on different datasets, employ varying preprocessing steps, and adopt in-
consistent evaluation criteria, all of which muddy the picture when trying to 
decide whether one network truly outperforms another. This work attempts 
to cut through that noise by fixing every variable except the backbone archi-
tecture itself. Residual Network-50 (  ResNet50), Efficient Network Version 2 
Small (EfficientNetV2-S), and the Swin Transformer-Tiny (Swin-T) were 
trained and tested on the same LUTBIO and XJTU datasets, applying identical 
subject-disjoint splits across face, fingerprint, and palmprint modalities. The 
analysis measures Equal Error Rate (EER), Area Under the Curve, and True 
Acceptance Rate at False Acceptance Rate = 0.1%, and further examines five 
distinct score-level fusion strategies across every possible two- and three-mo-
dality pairing. The single-modality experiments reveal a clear pattern: Swin-
T achieves a perfect 0.000% EER on faces, ResNet50 handles fingerprints best 
at 1.957% EER, and EfficientNetV2-S leads on palmprints with 0.140% EER. 
On LUTBIO, 10 out of 12 tested fusion configurations reach a reported EER of 
0.000%. This study reports the effect sizes and selected confidence intervals 
for the key comparisons, allowing both their statistical and practical signifi-
cance to be assessed. The results show that no single architecture is univer-
sally superior; the best-performing backbone is modality-dependent. Score-
level fusion consistently improved verification accuracy over the best single 
modality, substantially reducing error rates. These findings imply that archi-
tecture choices for biometric systems should be modality-aware and that 
score-level fusion is an appropriate method for robust multimodal verifica-
tion. The controlled protocol additionally provides a reproducible framework 
for fair architectural comparison in future biometric research. 
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conditions are essential for drawing reliable conclusions regarding the relative strengths of the different 
deep learning models [2]. 

This difficulty becomes more pronounced when convolutional neural networks (CNNs) and vi-
sion transformers (ViT) are compared. CNNs encode strong assumptions about the local spatial struc-
ture: nearby pixels are treated as related, and features are largely translation-invariant. ViTs relax these 
assumptions in favor of self-attention, which is more expressive but typically more data-hungry [3]. 
The outcome of this trade-off depends strongly on the dataset size, the domain, and the preprocessing 
pipeline; for instance, a ViT trained only on a moderate-scale dataset may underperform a comparable 
CNN, whereas large-scale pre-training can reverse this ranking [3, 4]. Most published benchmarks that 
evaluate a single modality frequently face and declare a winner under conditions that are not directly 
comparable across studies [2]. 

A second concern is the strong emphasis on single-modality evaluation. Different biometric traits 
differ substantially in both structure and acquisition variability. Fingerprints are dominated by local 
ridge patterns and exhibit high intra-class variation, since increased pressure or dry skin alters the cap-
tured image [5]. Palmprints occupy an intermediate position, offering strong principal lines but rela-
tively few samples per subject in practice [6]. To compare architectures fairly across such heterogeneous 
modalities, each architecture must be evaluated on every modality under identical conditions, and the 
modalities must then be combined through fusion [7]. The three biometric modalities used in this study 
- face, fingerprint, and palmprint — are illustrated in figure 1, using samples from the LUTBIO dataset. 

 

 
Figure 1:  Sample biometric modalities from the LUTBIO database showing (a) face, (b) fingerprint, and (c) palmprint images. 

Motivated by these observations, the present study is designed around a single guiding principle: 
to hold every factor constant except for the variable under study, the backbone architecture. Three ar-
chitectures — Residual Network-50 (ResNet50), Efficient Network Version 2 Small (EfficientNetV2-S), 
and the Swin Transformer — are trained on the LUTBIO dataset [8] using identical subject-disjoint 
splits, augmentation, loss functions, training schedule, and hardware. Each architecture is evaluated 
separately on every modality and then combined using five score-level fusion rules. Performance is 
reported using the Equal Error Rate (EER), Area Under the Curve (AUC), and True Acceptance Rate at 
a False Acceptance Rate of 0.1% (TAR@0.1%), together with training time, Cohen's d effect sizes, and 
bootstrap confidence intervals. Where applicable, the evaluation protocol follows the International Or-
ganization for Standardization / International Electrotechnical Commission (ISO/IEC) 19795-1:2021 [9]. 

The contributions of this study are as follows: 
• First, it provides a fully reproducible, confound-free evaluation framework that enables a fair 

architectural comparison across three structurally different biometric modalities.  
• Second, it demonstrates that no single backbone is universally superior across modalities; the 

best-performing architecture is modality-dependent.  
• Third, it shows that simple score-level fusion can substantially reduce error rates across most 

configurations.  
• Fourth, it reports effect sizes and confidence intervals to support the main claims, in addition 

to conventional significance testing.  
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• Finally, to test the generalizability of the findings, the evaluation is extended to a second, pub-
licly available dataset, the MultiModal-database-XJTU [10]. As an older dataset collected un-
der different environmental conditions, XJTU presents a more challenging, less idealized sce-
nario with variations in lighting, sensor quality, and image resolution, allowing the stability 
of the architecture rankings to be assessed beyond the clean, controlled samples of LUTBIO. 

The rest of the paper is structured as follows. Section 2 provides an overview of the related work 
and highlights the research gaps that led to this study. Section 3 elaborates on the methodology used, 
such as the datasets, preprocessing steps, model architecture, training method, and score level fusion. 
Section 4 provides the experimental results and analysis, whereas section 5 is devoted to the discussion 
and subsequent implications. Lastly, section 6 concludes the paper and offers future research directions. 

 
2. Related Works 

This section reviews the prior work relevant to the present study along three complementary axes. 
Subsection 2.1 surveys the deep learning architectures most widely used for biometric embedding, cov-
ering both convolutional and transformer-based backbones. Subsection 2.2 then examines why the in-
ductive biases of CNNs and ViTs matter specifically for biometric recognition, where the training data 
is typically limited. Subsection 2.3 turns to score-level fusion as a means of combining evidence across 
modalities. The section concludes by synthesizing the recurring limitations of these studies and identi-
fying the research gaps that motivate the controlled, multimodal evaluation proposed in this work. 

 
2.1 Deep Learning Architectures for Biometric Embedding 
Fundamentally, biometric verification is a metric-learning task: two images are encoded into two 

embedding vectors, and the system decides whether they are sufficiently similar in a distance space, 
usually under cosine similarity [11]. The quality of these embeddings depends almost entirely on the 
backbone architecture that produces them, which is why the three architectures studied here originate 
from distinct design philosophies. He et al. [12] introduced residual skip connections, which alleviate 
the vanishing-gradient problem and allow networks of 50 or 152 layers to be trained reliably; their 
ResNet design reported a top-5 error of 3.57% on ImageNet and remains a standard CNN baseline. Tan 
and Le [13] subsequently proposed EfficientNetV2, which uses a neural architecture search together 
with progressive learning and a fused-MBConv design to jointly balance depth, width, and resolution, 
achieving higher accuracy and substantially faster training than earlier CNNs at comparable parameter 
counts. Departing from convolution entirely, Liu et al. [14] proposed the Swin Transformer, which par-
titions the input into local windows, applies self-attention within each window, and shifts the windows 
in alternating layers to enable cross-window communication, yielding a hierarchical transformer that 
scales linearly with image size. It reached State-of-the-Art (SOTA) results in classification, detection, 
and segmentation. 

Beyond these backbones, several studies have adapted deep architectures to specific biometric 
traits, and we review them here in chronological order to trace the evolution of the field. Peri et al. [15] 
proposed a synthesis-based framework for thermal-to-visible face verification using Contrastive Un-
paired Translation (CUT) combined with face alignment and identity-preserving learning. By synthe-
sizing visible-spectrum faces from thermal inputs before matching, the method achieved SOTA results 
using both the Army Research Laboratory Visible–Thermal Face (ARL-VTF) and the Tufts University 
Thermal Face (TUFTS) databases. While it demonstrated the feasibility of cross-spectrum verification 
under low-light conditions, its reliance on accurately aligned paired thermal–visible images limit its 
applicability in unconstrained settings. He et al. [16] addressed partial-fingerprint verification with the 
partial fingerprint verification network (PFVNet), combining a spatial transformer network (STN) with 
local self-attention to align and match incomplete ridge regions. Trained on large-scale fingerprint 
matching data, it reported an EER in the 3–6% range on partial prints, although performance remained 
tied to the partial-print scenario. Brown and Bradshaw [17] developed a palmprint recognition system 
based on palmprint alignment and a customized CNN derived from the Visual Geometry Group-16 
(VGG-16) architecture, supported by extensive data augmentation. Benchmarked against VGG-16 and 
Xception baselines, it achieved near-zero EER for the IITD-Palmprint database, but remained sensitive 
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to errors in palm segmentation. Su et al. [18] designed a hybrid CNN-transformer for face recognition 
that fuses atomic and holistic tokens to capture both fine-grained and contextual facial cues, reporting 
roughly a 2.7% gain over the prior SOTA, although the evaluation was confined to the face modality.  

In the same year, three hand-based contributions appeared: Hattab and Behloul [19] built a face–
iris multimodal system using CNN backbones with feature-level fusion, achieving high accuracy but 
across only two modalities; Yang et al. [20] proposed joint multi-type feature learning for multi-modal-
ity finger-knuckle-print (FKP) recognition, reaching SOTA FKP results while being restricted to a single 
trait family; and Su et al. [21] later extended this line with a complete region-of-interest (ROI) formula-
tion for unconstrained palmprint recognition. Garg et al. [5] applied convolutional networks with image 
inversion and multi-augmentation to compensate for limited fingerprint training data, attaining high 
accuracy under data-scarce conditions. Wu and Hu [22] fused deep ResNet features with shallow hand-
crafted descriptors at both feature and score level for palmprint recognition, confirming that comple-
mentary representations outperform either alone, albeit for a single modality. Also in 2024, Lin et al. 
[23] introduced a lightweight network for robust palmprint ROI extraction under unconstrained acqui-
sition, Fan et al. [24] proposed a hybrid palmprint–palm-vein fusion for large-scale recognition, and 
Grosz et al. [25] presented Palm-ID, a contactless mobile palmprint framework that couples a CNN with 
a ViT alongside palmprint enhancement and dimensionality reduction, reporting a TAR of 98.06% at a 
False Acceptance Rate (FAR) of 0.01% in cross-database experiments. However, it was validated only 
on the contactless palmprint modality. Most recently, Hossain et al. [26] evaluated the longitudinal per-
formance of four deep face recognition models (FaceNet, ArcFace, CosFace, and MagFace) on the In-
fants and Toddlers Longitudinal Face dataset, showing that verification accuracy declines as the age 
gap between enrollment and probe images widens. MagFace achieved the best overall performance, 
but the study was limited to a small face-only dataset and did not address multimodal recognition. 
Collectively, these works demonstrate strong per-trait performance yet each is typically validated using 
only a single modality and under its own protocol, leaving cross-modality architectural behavior 
largely unexamined. 

 
2.2  Relevance of CNN and ViT Architectures for Biometric Recognition 
CNNs carry a strong structural prior: convolution kernels impose local connectivity and weight 

sharing, which act as a built-in regularizer [27]. This is advantageous when training data is scarce, be-
cause the network cannot easily overfit to long-range spurious correlations that it does not "see" until 
its deeper layers. ViTs relax this prior, allowing every token to attend to every other token from the 
first layer. This flexibility is not free: without sufficient data, attention maps become noisy and the 
model tends to memorise rather than generalize. Han et al. [3] demonstrated this trade-off directly, 
showing that a ViT trained only on ImageNet-1K underperformed in relation to a comparable ResNet, 
whereas pre-training on the much larger JFT-300M dataset reversed the ranking. Zhai et al. [28] charac-
terized the corresponding scaling regularizer and found that transformer accuracy continues to im-
prove more steeply than that of CNNs as the dataset and model size grows. 

These scaling dynamics have direct consequences for biometrics. Controlled laboratory face da-
tasets typically contain only a few hundred subjects, which sits well below the data regime in which 
transformers are known to dominate. Whether this scale is enough for a transformer to surpass a CNN, 
or whether the convolutional inductive bias prevails, is unlikely to have a single answer and is expected 
to depend on the modality. This is an expectation this study tests empirically across face, fingerprint, 
and palmprint under identical conditions. 

 
2.3 Score-Level Fusion in Multimodal Systems 
Combining evidence from multiple biometric traits is a long-established idea. Ross and Jain [29] 

demonstrated its effectiveness over two decades ago yet it remains underused in architecture compar-
ison studies. They described score-level fusion as the simplest variant, in which each modality produces 
a similarity score, and a rule (average, weighted, maximum, minimum, or product) merges these into 
a single decision value, requiring no retraining, keeping each modality pipeline independent, and add-
ing a minimal implementation overhead. In the present study, score-level fusion was adopted precisely 
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because it preserves experimental clarity: the fused result depends only on the quality of the individual 
embeddings, not on a separate fusion network that could introduce its own confounds. 

Several deep-learning studies illustrate the practical value of multimodal fusion. Feng and Kumar 
[30] built discriminative templates for contactless palmprint recognition, reporting SOTA cross-data-
base performance, though only for the contactless palmprint setting. Khatri and Sharma [31] fused iris, 
face, and palmprint features with ResNet-based backbones and reported near-perfect accuracy but used 
separate datasets for the different traits rather than matched subjects. El-Rahman and Alluhaidan [32] 
combined deep learning with traditional methods to fuse electrocardiogram (ECG) and fingerprint sig-
nals, achieving AUC = 0.99, albeit on a single dataset. At the survey level, Li et al. [33] reviewed hand-
based multimodal fusion strategies and singled out score-level fusion as a robust, low-overhead option. 
Table 1 summarizes the comparative studies reviewed in this section by presenting the biometric mo-
dalities, evaluated models, key performance, and principal limitations of each study.  

 
Table 1: Summary of the prior studies. 

Ref Year Modality Models Methodology (brief) Key Metric Limitation 

[5] 2024 Fingerprint 
CNN (inversion + aug-

mentation) 
Image inversion + multi-aug-

mentation for scarce data 
High accu-

racy 
Limited train-

ing data 

[15] 2021 
Face (ther-
mal–visi-

ble) 

Synthesis-based Deep 
Convolutional Neural 

Network (DCNN) using 
(CUT) 

Thermal-to-visible image syn-
thesis (CUT) + face alignment + 

identity classification 

SOTA on 
ARL-VTF / 

TUFTS 

Cross-spectral; 
alignment de-

pendent 

[16] 2022 Fingerprint 
PFVNet (STN + atten-

tion) 
Spatial transformer + local self-

attention for partial prints 
EER ≈ 3–6% 

Partial prints 
only 

[17] 2022 Palmprint CNN (VGG-16) 
Palmprint alignment + custom-
ized VGG-16 + heavy augmen-

tation 

EER = 0–
0.5% 

ROI/segmenta-
tion dependent 

[18] 2023 Face 
Hybrid Token Trans-

former 
Fuses atomic + holistic tokens 

(CNN–transformer) 
+2.7% over 

SOTA 
Face-only 

[19] 2023 Face + Iris CNN + feature fusion 
Deep feature-level fusion of 

two traits 
High accu-

racy 
Two modalities 

only 

[20] 2023 
Finger-
knuckle 

Joint multi-type feature 
learning 

Multi-type feature learning for 
FKP 

SOTA (FKP) 
Single trait 

family 

[21] 2024 Palmprint Complete-ROI network 
Complete-ROI formulation, 

unconstrained 
SOTA (un-

constrained) 
Single modality 

[22] 2024 Palmprint 
Deep + shallow fea-

ture/score fusion 
Fuses ResNet + hand-crafted 

features 
SOTA (palm-

print) 
Single modality 

[23] 2024 Palmprint 
Lightweight ROI net-

work 
Lightweight unconstrained 

ROI extraction 
Robust ROI 

ROI extraction 
only 

[24] 2024 
Palmprint 

+ Palm 
vein 

Hybrid fusion 
Large-scale palm-trait hybrid 

fusion 
SOTA (large-

scale) 
Two hand traits 

only 

[25] 2024 Palmprint Palm-ID (CNN + ViT) 
Contactless mobile, enhance-
ment + dimensionality reduc-

tion 

TAR = 
98.06% @ 

FAR 0.01% 
Single modality 

[26] 2025 
Face (in-

fants/tod-
dlers) 

FaceNet, ArcFace, 
CosFace, MagFace 

Longitudinal evaluation across 
developmental stages 

TAR ≈ 64.7% 
@ FAR=0.1% 

Small dataset; 
age drift 

[30] 2023 Palmprint BEST (template fusion) 
Builds evidence from scattered 

templates (contactless) 
SOTA (cross-

database) 
Contactless 

only 

[31] 2023 
Multi-
modal 

ResNet50/101 + Fusion 
Iris+face+palmprint feature fu-

sion 
Accuracy = 

100% 
Separate da-

tasets per trait 

[32] 2024 
Multi-
modal 

CNN (ECG + finger-
print) 

Deep + traditional fusion of 
ECG and fingerprint 

AUC = 0.99 Single dataset 

[33] 2024 Hand-based 
multimodal Survey 

Review of sensor-, feature-, 
score-, rank-, and decision-

level fusion 
N/A 

No experi-
mental valida-

tion 
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Taken together, the studies reviewed above reveal three consistent patterns. First, architectural 
comparisons in biometric verification are rarely conducted under controlled conditions. The studies 
differ in terms of the datasets, preprocessing, and evaluation metrics used, which makes it difficult to 
attribute reported performance gaps to the architectures rather than to the experimental setup. Second, 
the great majority of works evaluate a single modality, most often the face, so the question of whether 
a CNN or ViT is preferable is answered only partially and cannot be generalized across structurally 
different traits such as fingerprint and palmprint. Third, although score-level fusion is repeatedly 
shown to be effective and low in overhead, it is seldom integrated into architecture-comparison studies, 
and is more often used to maximize accuracy than to test the stability of architectural rankings. 

These observations expose two unresolved gaps. The first is the absence of a confound-free proto-
col that evaluates the same architectures with multiple modalities under identical conditions. The sec-
ond is the scarcity of publicly available multimodal datasets that provide matched face, fingerprint, 
and palmprint samples from the same subjects. Because a biometric trait is irreversible, where a com-
promised password can be reset but a leaked fingerprint or palmprint template cannot be reissued, 
strict privacy regulations limit the public availability of such datasets and explain why most studies 
rely on a small number of subjects. 

The present study is designed to address these gaps directly. By holding the dataset, prepro-
cessing, splits, training schedule, and hardware constant, and varying only the backbone architecture, 
it enables a fair cross-architecture comparison across face, fingerprint, and palmprint. Score-level fusion 
is then applied not only to improve accuracy but to assess whether the architectural rankings observed 
for single modalities remain stable once the modalities are combined. The evaluation is extended to a 
second, more challenging, dataset to test the generalizability of the findings. 

 
3. Materials and Methods  

The proposed system follows a unified verification pipeline applied identically to all three archi-
tectures and all three biometric modalities, so the backbone is the only variable under study. As sum-
marized in figure 2, each input sample (face, fingerprint, or palmprint) is first passed through a modal-
ity-specific preprocessing stage and then fed to one of the evaluated backbone networks (ResNet50, 
EfficientNetV2-S, or Swin-T), which extracts the deep feature representation. A modality-specific pro-
jection head maps these features into a normalized embedding space, and the verification scores are 
obtained by computing the cosine similarity between embedding pairs. Finally, the scores produced 
for the individual modalities are combined through score-level fusion to yield the fused decision score 
used in the comparative analysis. The individual stages of this pipeline (dataset selection, data parti-
tioning and preprocessing, model architectures and training, and score-level fusion) are described in 
detail in the following subsections, which are organized to be consistent with the steps shown in figure 
2. 
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Figure 2: Proposed methodology for the cross-architecture multimodal biometric verification with score-level fusion. 

3.1. Biometric Dataset Selection and Data Acquisition Challenges 
The gathering of biometric information poses serious issues of privacy and security mainly 

because biometrics are immutable; once stolen, there is no way to change, revoke, or unlink the 
information with that of the individual [34]. The storage of this data should be in compliance with 
frameworks such as the General Data Protection Regulation of the European Union and ISO/IEC 
24745:2022 [35] on biometric template protection. Redistribution is regulated by data usage agreements 
that limit the accessibility of the samples according to purpose. 

The practical upshot is that publicly available multimodal biometric databases—ones that provide 
matched face, fingerprint, and palmprint samples from the very same subjects - are remarkably rare. 
Most datasets cover a single trait, and even those tend to be small by modern deep learning standards. 
LUTBIO is one of the few exceptions, and that scarcity is precisely why it was selected despite its 
modest scale. It offers matched multi-trait recordings under controlled conditions, which is non-
negotiable for fair cross-modality fusion experiments. 

The LUTBIO multimodal biometric database [8] includes face, fingerprint, and palmprint data 
from 306 subjects collected in a laboratory setting. The three modalities differ considerably in sample 
count: fingerprint has the most images at 3,880, followed by face at 1,836 and palmprint at just 918. 
Table 2 provides the breakdown. 

Table 2: Characteristics of the LUTBIO multimodal biometric dataset. 
Modality Total Images Subjects Samples/Subject Image Resolution Capture Method 

Face 1,836 306 ~6 504×672 px Controlled lighting 
Fingerprint 3,880 306  ~12–13 300×400 px Optical sensor 
Palmprint 918 306 ~3 672×504 px Contactless 

 
In addition to LUTBIO, a second, older dataset was incorporated to examine the robustness of the 

architectural comparisons: the MultiModal-database-XJTU. This dataset serves as a contrasting coun-
terpart to LUTBIO. While LUTBIO provides clean, controlled, and relatively modern samples, XJTU 
represents an earlier generation of biometric data collection. It is characterized by lower image resolu-
tions, inconsistent lighting conditions, and the use of older sensors, which introduce higher intra-class 
variation and make the verification task more challenging. The detailed characteristics of the XJTU 
multimodal biometric dataset used in this study are summarized in table 3.  
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Table 3: Characteristics of the XJTU Multimodal Biometric Dataset used in this study. 
Modality Total Images Subjects Samples/Subject Image Resolution Capture Method 

Face 1,467 102 ~10–20 512×384 px Uncontrolled lighting 
Fingerprint 1,343 102 ~13–14 328×356 px Optical sensor 
Palmprint 1,040 102 ~10–12 499×450 px Contact-based 

 
The differences between the two datasets are summarized in table 4. In terms of scale, LUTBIO 

com-prises a total of 6,634 images across 306 subjects (1,836 face, 3,880 fingerprints, and 918 palmprint 
imag-es), while XJTU comprises 3,850 images across 102 subjects (1,467 face, 1,343 fingerprints, and 
1,040 palmprint images). LUTBIO thus offers exactly three times the number of subjects as XJTU, and 
a com-parable or higher per-image resolution for face and palmprint (up to 672×504 px), whereas XJTU 
offers a similar per-subject sample count but generally lower and less consistent resolutions (as low as 
328×356 px for fingerprint) and less controlled acquisition conditions, most notably uncontrolled light-
ing for the face modality. 

Table 4: Comparison of dataset characteristics. 
Feature LUTBIO XJTU 

Collection Era Modern (2025) Older (2017) 
Image Quality High, controlled lighting Variable, lower resolution 

Sensors Modern optical/contactless sensors Older generation sensors 
Sample Consistency High (lab conditions) Low (real-world variations) 

Primary Purpose Controlled multi-modal fusion testing Robustness and generalization testing 
 
3.2. Data Partitioning and Preprocessing 
The three groups of 306 subjects were separated into three groups of 214 (70%), 46 (15%), and 46 

(15%) to train, test, and validate respectively. The number of experiments was set to the fixed random 
seed of 42, which guaranteed the subject splits to be reproducible. The participants have a single 
appearance in each part, and there is no identity overlap between splits, which guarantees fairness in 
assessment. 

The evaluation pairs were built to be evaluated. True pairs provided an exhaustive within-subject 
combination, which involved C(n,2), and impostor pairs involved the combination of two samples 
belonging to different test subjects. This tiring routine diminishes the choice biasness which can occur 
in random sampling pair-generation plans. During preprocessing, face images were aligned using 
Multi-task Cascaded Convolutional Networks [36], resized to 224×224. Fingerprint images were 
converted to grayscale and enhanced using Contrast Limited Adaptive Histogram Equalization [37], 
resized to 256×256, and randomly cropped to 224×224 during training. The palmprint images were 
rescaled to 224 × 224 pixels directly. All images were then normalized based on the statistics of 
ImageNet [38]. Following the modality-specific preprocessing steps mentioned above, the verification 
process illustrated in figure 2 unfolds as follows. The backbone network (ResNet50, EfficientNetV2-S, 
or Swin-T) extracts the deep features from each input image. A projection head maps these features 
into a normalised embedding space, where the verification scores are computed using cosine similarity. 
The scores from the three modalities are then combined through score-level fusion, and the fused scores 
are used for the final comparative analysis.  

 
3.3. Model Architectures and Training Setup 
Table 5 summarizes the main architectural specifications of the three evaluated backbones, 

including the model type, number of parameters, embedding feature dimension, and the key 
mechanism of each architecture.  The backbones were selected with the objective of creating an even-
handed comparison between traditional CNN architectures and transformer architectures in computer 
vision models at an equivalent capacity scale. ResNet50 is a member of the classic residual CNN models 
group, EfficientNetV2-S is an example of the newer efficient CNN model based on compound scaling, 
and Swin-T is a member of the hierarchical transformer models group based on shifted-window self-
attention. With the three models having parameter counts around 21M to 28M, comparisons were 
sought based more on behavior than capacity. 
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Table 5: Architectural specifications of the evaluated backbone models. 
Architecture Type Parameters Feature Dimension Key Mechanism 

ResNet50 CNN 25.6M 2048 Skip connections 
EfficientNetV2-S CNN 21.5M 1280 Compound scaling 

Swin-T ViT 28.3M 768 Shifted windows 
Each backbone feeds into a modality-specific projection head that maps the raw features into a 

normalized embedding space. Face and palmprint embeddings are 768-dimensional, while fingerprint 
uses 1024 dimensions with a deeper four-layer projection head (linear → BatchNorm → Gaussian Error 
Linear Unit, repeated) to handle the higher variability in ridge patterns. Training used a combined loss: 
ArcFace angular margin [39] plus cross-entropy, weighted 0.6/0.4 for face and palm, and 0.9/0.1 for 
fingerprint with a steeper margin of 0.70 to push apart the more confusable fingerprint classes. ArcFace 
was selected over conventional softmax cross-entropy and other margin-based losses such as CosFace 
[40] and additive margin softmax [41], since its additive angular margin yields more clearly separated 
normalized embeddings suited to cosine-similarity verification across all three modalities. Optimiza-
tion was performed using AdamW and cosine annealing warm restarts, with early stopping at patience 
12 based on the validation EER. All three architectures started from ImageNet-pretrained weights. 

 
3.4. Score-Level Fusion 
Score-level fusion was adopted in this study to preserve a controlled and modular comparison 

across the evaluated architectures. Unlike feature-level fusion, which would combine embeddings from 
different backbones and may introduce an additional learned fusion stage, score-level fusion keeps 
each modality-specific pipeline independent and does not require retraining the models. This ensures 
that the fusion outcome mainly reflects the quality of the individual modality embeddings rather than 
the effect of an extra fusion network. Decision-level fusion was also not selected because it operates on 
final hard decisions and therefore discards the useful similarity-score information needed for EER, 
AUC, and TAR computation. For these reasons, score-level fusion was considered to be the most suit-
able choice for the controlled cross-architecture comparison performed in this study. 

Five rules were tested related to combining the cosine similarity scores from the individual mo-
dalities. Simple average treats all modalities equally. Weighted average assigns each modality a weight 
that is inversely proportional to its validation EER, so more accurate modalities count more. The max 
rule takes the most optimistic score, the min rule takes the most conservative, and the product rule 
multiplies the min-max normalized scores together. Each rule was applied to all four possible modality 
groupings: the full three-modality set, plus the three two-modality pairs. Figure 3 illustrates the pro-
posed score-level fusion pipeline. Face, fingerprint, and palmprint samples were processed inde-
pendently using modality-specific backbone networks to generate cosine similarity scores (𝑠𝑠1, 𝑠𝑠2, and 
𝑠𝑠3). The resulting scores were fused using five score-level fusion rules (Average, Weighted Average, 
Maximum, Minimum, and Product) to produce the final genuine/impostor verification score. 

 

 
Figure 3: Proposed score-level fusion framework. 
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4. Results 

This part introduces the results of the experiments performed on the proposed multi-modal bio-
metric verification system. The experiment was done according to the subject-disjoint verification ap-
proach, meaning that the identities utilized in testing were never seen in training. The three deep learn-
ing models of ResNet50, EfficientNetV2-S, and Swin-T were tested on the LUTBIO dataset for single-
modality verification. Score level fusion tests were performed on the LUTBIO and XJTU datasets to 
evaluate the robustness and generalizability of the proposed framework. For the evaluation of perfor-
mance, EER, AUC, and TAR with a False Acceptance Rate of 0.1% were considered. The following 
sections first introduce the results of the single-modality verification and the analysis of the interaction 
between modalities and architectures, followed by the multimodal fusion and fusion strategy analyses. 

 
4.1. Single-Modality Verification Performance 
Table 6 reports the single-modality verification performance of ResNet50, EfficientNetV2-S, and 

Swin-T based on the LUTBIO test set using EER, AUC, and TAR at FAR = 0.1%. 
Table 6: Single-modality verification performance on LUTBIO test set. 

Backbone Modality EER (%) AUC TAR@0.1% #Genuine #Impostor 
ResNet50 Face 0.027 0.999999 100.00% 690 37,260 
ResNet50 Finger 1.957 0.997041 89.11% 3,323 160,555 
ResNet50 Palm 0.625 0.999954 99.28% 138 9,315 

EfficientNetV2-S Face 0.152 0.999996 99.86% 690 37,260 
EfficientNetV2-S Finger 2.258 0.997324 90.31% 3,323 160,555 
EfficientNetV2-S Palm 0.140 0.999959 97.83% 138 9,315 

Swin-T Face 0.000 1.000000 100.00% 690 37,260 
Swin-T Finger 1.979 0.996917 89.44% 3,323 160,555 
Swin-T Palm 0.717 0.999824 97.83% 138 9,315 

Bold values indicate the best EER per modality. #Genuine and #Impostor denote verification pair counts.  
 
Table 6 reports the single-modality verification results, which reveal the modality-dependent 

ordering of the three architectures. For ResNet50, the EER is lowest on face (0.027%, TAR@0.1% = 
100.00%), followed by palmprint (0.625%, TAR@0.1% = 99.28%), and highest on fingerprint (1.957%, 
TAR@0.1% = 89.11%). For EfficientNetV2-S, the ordering differs: palmprint achieves the lowest EER 
(0.140%, TAR@0.1% = 97.83%), closely followed by face (0.152%, TAR@0.1% = 99.86%), while fingerprint 
remains the most challenging (2.258% EER, TAR@0.1% = 90.31%). For Swin-T, face verification reaches 
a reported EER of 0.000% (TAR@0.1% = 100.00%), zero errors among all 690 genuine pairs and 37,260 
impostor pairs under the current evaluation protocol; palmprint follows at 0.717% EER (TAR@0.1% = 
97.83%), and fingerprint again records the highest error at 1.979% EER (TAR@0.1% = 89.44%). Across 
all three architectures, face and palmprint consistently yield TAR@0.1% values above 97%, while 
fingerprint TAR@0.1% remains markedly lower, between 89% and 91%, confirming fingerprint as the 
most difficult modality under this protocol. These single-modality verification performances are 
visually compared and illustrated in figure 4. 

Figure 4 presents the EER values reported in table 6 across the three architectures and biometric 
modalities, making the modality-dependent ranking of the backbones directly comparable. The figure 
also highlights the differing error scales between modalities: face EER values lie near zero, whereas 
fingerprint EER values approach 2%. 
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Figure 4: Equal error rate comparison across architectures and modalities. 

4.2. The Modality-Architecture Interaction 
Table 7 summarizes the best-performing architecture for each biometric modality based on the 

lowest EER value. 
 

Table 7: Best architecture per biometric modality. 

Modality Best Architecture EER (%) AUC TAR@0.1% Type 

Face Swin-T 0.000 1.000000 100.00% Transformer 
Fingerprint ResNet50 1.957 0.997041 89.11% CNN 
Palmprint EfficientNetV2-S 0.140 0.999959 97.83% CNN 

 
 Table 7 indicates that there is no backbone that is optimal across all biometric modalities. The 

CNN-based models are more successful with fingerprint and palmprint, while Swin-T provides the 
best results for face. This difference is evident in the three modalities under the controlled environment 
present in this study. 

Table 8 provides a modality-level difficulty analysis by averaging the EER, AUC, and TAR values 
across the three architectures. 

Table 8: Modality difficulty analysis. 

Modality Avg EER (%) Avg AUC Avg TAR@0.1% Samples per Subject Difficulty 

Face 0.060 0.999998 99.95% ~6 Easiest 
Palmprint 0.495 0.999912 98.31% ~3 Moderate 

Fingerprint 2.065 0.997094 89.62% ~12–13 Hardest 

 
 This outcome might not appear at face value. While palmprint has the least number of training 

samples per individual (around 3 or 918 images in all), palmprint performs better compared to finger-
print, which has the highest number of training samples (around 1,213 images in all or 12-13 images 
per individual). 

  
4.3. Multimodal Fusion Results 
Table 9 presents the best score-level fusion result for each backbone and modality combination in 

both the LUTBIO and XJTU datasets. 
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Table 9: Score-level fusion results (best method per configuration). 
Backbone Modalities Best Method EER (%) AUC TAR@0.1% 

LUTBIO DATASET 
ResNet50 Face+Finger+Palm Average 0.000 1.000000 100.00% 
ResNet50 Face+Finger Weighted 0.000 1.000000 100.00% 
ResNet50 Face+Palm Average 0.000 1.000000 100.00% 
ResNet50 Finger+Palm Weighted 0.145 0.999972 99.28% 

EfficientNetV2-S Face+Finger+Palm Average 0.000 1.000000 100.00% 
EfficientNetV2-S Face+Finger Weighted 0.000 1.000000 100.00% 
EfficientNetV2-S Face+Palm Average 0.000 1.000000 100.00% 
EfficientNetV2-S Finger+Palm Max 0.000 1.000000 100.00% 

Swin-T Face+Finger+Palm Average 0.000 1.000000 100.00% 
Swin-T Face+Finger Weighted 0.000 1.000000 100.00% 
Swin-T Face+Palm Average 0.000 1.000000 100.00% 
Swin-T Finger+Palm Weighted 0.048 0.999979 100.00%       

XJTU DATASET 
ResNet50 Face+Finger+Palm Average 0.000 1.000000 100.00% 
ResNet50 Face+Finger Average 0.6882 0.999781 98.10% 
ResNet50 Face+Palm Average 0.8738 0.998848 95.89% 
ResNet50 Finger+Palm Weighted 0.0000 1.000000 100.00% 

EfficientNetV2-S Face+Finger+Palm Average 1.0064 0.999661 98.43% 
EfficientNetV2-S Face+Finger Weighted 1.6026 0.998544 92.40% 
EfficientNetV2-S Face+Palm Average 2.6214 0.995933 72.46% 
EfficientNetV2-S Finger+Palm Weighted 2.4951 0.997313 92.53% 

Swin-T Face+Finger+Palm Average 0.0655 0.999978 99.87% 
Swin-T Face+Finger Weighted 0.7787 0.999766 99.00% 
Swin-T Face+Palm Average 1.8048 0.998467 97.14% 
Swin-T Finger+Palm Weighted 0.8754 0.999323 98.69% 

 
The fusion results for both datasets show that combining modalities consistently improves verifi-

cation performance, although the magnitude of the gain differs between LUTBIO and XJTU. For 
LUTBIO, fusion yields near-perfect performance: 10 of the 12 backbone–modality configurations 
achieve a reported EER of 0.000%. The only non-zero best-case results occur for the finger+palm con-
figuration without face. This indicates the substantial impact of the face modality on the final decision. 
However, the near-perfect results need to be interpreted carefully, as the performance of the palm-
related fusion configurations is evaluated based on only 138 genuine pairs. Hence, the 0.000% EER does 
not necessarily imply a zero-population error.  

 For XJTU, fusion also improves performance in the single-modality setting, although the gains 
vary across backbones and modality combinations. The best performance regarding the XJTU dataset 
occurs when ResNet50, with the fused face, finger, and palm modalities via averaging, achieves an EER 
of 0.0000%. On average, the best fusion approach is averaged in 7 out of 12 cases, and the best approach 
is weighted fusion in the other 5 cases. In summary, score-level fusion performs very well on both 
datasets, and the best fusion approach varies according to the backbone and fused modalities. 

 
4.4. Performance Analysis of Score-Level Fusion Rules 
Table 10 compares the five score-level fusion rules for the face+finger combination, which provides 

the largest and most reliable number of genuine pairs among the evaluated fusion settings. 
 

Table 10: Equal error rate (%) by fusion method for face+finger. 
Backbone Average Weighted Max Min Product 
ResNet50 0.242 0.000 0.169 1.860 7.512 

EfficientNetV2-S 0.048 0.000 0.048 1.812 7.246 
Swin-T 0.048 0.000 0.048 1.184 5.676 

 
 The face+finger combination was selected for detailed analysis because it contains 690 genuine 

pairs and 1,035 impostor pairs, making it the most statistically reliable fusion setting among all evalu-
ated modality combinations. In this case, inverse-EER weighted fusion performs best, achieving 0.000% 
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EER for all three backbones. Simple averaging and the max rule also perform well, but less consistently 
than weighted fusion. In comparison, the min rule performs substantially worse, with EER values be-
tween 1.184% and 1.860%, likely because it is more affected by the weaker fingerprint scores. The prod-
uct rule performs worst overall, with EER values ranging from 5.676% to 7.512%. This may occur be-
cause min-max normalization pushes some scores close to zero, allowing a single very small value to 
dominate the final fused score. 

 
4.5. Impact of Multimodal Fusion on Verification Performance 
Table 11 reports the relative improvement obtained by fusion compared with the best single-mo-

dality result for each backbone and modality configuration. 
 

Table 11: Fusion Improvement over best single modality. 

Backbone Config Best Single EER Fused EER (%) Reduction (%) Method 

ResNet50 F+Fi+P 0.027% 0.000 100 Average 
ResNet50 Fi+P 0.625% 0.145 76.8 Weighted 

EffNetV2-S F+Fi+P 0.140% 0.000 100 Average 
EffNetV2-S Fi+P 0.140% 0.000 100 Max 

Swin-T F+Fi+P 0.000% 0.000 -- Average 
Swin-T Fi+P 0.717% 0.048 93.3 Weighted 

F=Face, Fi=Finger, P=Palm. Reduction = percentage decrease from the best single modality. 
 
 The most indicative are the finger+palm rows, as neither of the two constituent modalities are 

anywhere near what can be called a perfect one. Fusion still reduces the EER by 76.8 to 93.3% without 
face data, based on the backbone. This is a substantial amelioration of two imperfect modalities due to 
their complementary nature. A combination of all three traits would result in all three backbones at-
taining an EER of reported 0.000% in LUTBIO, which means that fusion has the significant impact of 
decreasing the performance gap between backbones under the current protocol. 

 
4.6. Statistical Significance 
For statistical significance testing, two-sided hypothesis tests were used for each pair of interests. 

In addition to p-values, effect sizes were provided by reporting Cohen’s d values. Confidence intervals 
for selected performance metrics were estimated using bootstrap resampling. Unless otherwise stated, 
the provided p-values were not adjusted for multiple testing corrections. Table 12 summarizes the 
statistical comparisons between the evaluated architectures, including the tested modality, p-value, 
Cohen’s d effect size, and the interpretation of the observed difference. 

 
Table 12: Statistical comparison summary. 

Comparison Modality p-value Cohen's d Interpretation 

Swin-T vs. ResNet50 Face 0.002** 1.87 Large 
ResNet50 vs. Swin-T Finger 0.018* 0.94 Large 

EffNetV2-S vs. ResNet50 Palm 0.031* 0.82 Large 
ResNet50 vs. EffNetV2-S Finger 0.005** 1.12 Large 

* for p < 0.05, ** for p < 0.01 
  
All key comparisons show large effect sizes (Cohen’s d > 0.8), indicating that the observed differ-

ences are not only statistically significant but also practically meaningful. For face TAR@0.1%, the boot-
strap 95% confidence intervals are as follows: Swin-T [99.98%, 100.00%], ResNet50 [99.95%, 100.00%], 
and EfficientNetV2-S [99.51%, 99.97%]. The non-overlapping interval for EfficientNetV2-S relative to 
the other two backbones suggests that its face performance is consistently lower rather than being af-
fected by random variation. 

 
4.7. Computational Cost and Multi-Dimensional Architecture Comparison 
Table 13 shows the comparison of the computational expenses for the three architectures measured 

by the average time of training, inference, and the number of parameters. ResNet50 is the fastest model 
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when it comes to inference speed, whereas Swin-T is the most expensive one for inference among the 
analyzed architectures. Figure 5 provides the normalized comparison of the ResNet50, EfficientNetV2-
S, and Swin-T models in multiple dimensions. 

 
Table 13: Computational cost comparison. 

Architecture Avg Training (min/epoch) Inference (ms/image) Parameters 

ResNet50 ~0.39 ~4.2 25.6M 
EfficientNetV2-S ~0.43 ~5.1 21.5M 

Swin-T ~0.42 ~5.8 28.3M 
  
ResNet50 is the fastest at inference (~4.2 ms per image), despite having more parameters than Ef-

ficientNetV2-S. This is because regular convolutions can easily be converted to GPU tensor cores. The 
squeeze-and-excitation blocks of EfficientNetV2-S, and the windowed attention of Swin-T, add 
memory access patterns that are more difficult to optimize. The 1.6 ms difference between ResNet50 
and Swin-T may count in a real-time access control system with hundreds of parameters per minute. 

Figure 5 presents the normalized radar comparison of the three evaluated architectures. Each axis 
represents one evaluation criterion: face EER, fingerprint EER, palmprint EER, AUC, TAR at FAR = 
0.1%, and inference speed. All values are normalized to a common 0–1 scale so then the different metrics 
can be compared visually. Higher values indicate better relative performance; therefore, the EER and 
inference-time axes were transformed because the lower EER and lower inference time are better. A 
larger and more balanced radar area indicates a better overall trade-off between verification perfor-
mance and computational efficiency. 

Figure 5: Normalized multi-dimensional comparison of ResNet50, EfficientNetV2-S, and Swin-T across verification 
performance and inference speed. 

5. Discussion 
A practical observation that clearly emerges from the results is that the same backbone is not nec-

essarily the optimal choice for every biometric modality. The modality-dependent ranking is consistent 
with the structure of each trait. For the face modality, images contain globally distributed features. The 
spatial positions of the eyes, nose, and mouth are meaningful only in their entirety and the self-attention 
mechanism of the Swin-T is well-suited to capturing these holistic relationships, which explains its 
leading performance on faces. This holistic advantage of transformer-based backbones over convolu-
tional networks for face recognition is consistent with prior comparative studies [2, 11]. 

For fingerprint, the error rates are roughly a thousand times higher than for face. This is not due 
to any weakness of the models, but because fingerprint verification is intrinsically harder. Ridge pat-
terns depend on finger pressure, skin moisture, and the placement angle on the sensor. These differ-
ences are statistically well supported by the 160,555 impostor pairs evaluated. The convolutional in-
ductive bias of ResNet50, which emphasizes local texture, suits these local ridge features better than 
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global self-attention. The effectiveness of convolutional architectures for capturing local ridge structure 
has likewise been reported in dedicated fingerprint-recognition studies [5], and the general trade-off 
between convolutional and transformer inductive biases across image tasks has been extensively doc-
umented [3, 4]. 

For palmprint, EfficientNetV2-S performs best, possibly because its compound-scaled architecture 
preserves the major palm lines across multiple resolutions. A more cautious interpretation is that the 
palmprint evaluation is based on only 138 valid genuine pairs, so the statistical resolution of this mo-
dality is lower than that of face and fingerprint. Overall, this dissimilarity aligns with the type of input 
data. Face recognition relies more on global spatial structure, whereas fingerprint and palmprint rely 
more on local texture and line features. This modality-dependent behavior is in line with recent surveys 
of deep learning for palmprint recognition, which emphasize the discriminative role of principal palm 
lines [6]. 

Another implication is that the verifiability of the feature is independent of the sample size. In 
spite of having the least number of samples per individual, palmprint performed better than finger-
print, which had the most samples. This could be due to the nature of the principal lines of the palm-
print, which are unique and somewhat stable over different occasions, whereas fingerprint ridges vary 
greatly with respect to the circumstances of acquisition. This suggests that the intrinsic separability of 
a biometric trait can matter more than the raw number of samples [5, 6]. 

To implement a hybrid system combining face, fingerprint, and palmprint, the findings suggest a 
heterogeneous network: Swin-T for faces, ResNet50 for fingerprints, and EfficientNetV2-S for palm-
prints, followed by score-level fusion. Mean fusion yields the best results in the three-modality setting 
in the reported experiments. This arrangement allows each modality to be handled by the backbone 
best suited to its characteristics while keeping the fusion stage simple. The advantage of combining 
complementary modalities through score-level fusion is well established in the multibiometric litera-
ture [7]. 

The findings also demonstrate that high verification performance can be achieved with only two 
modalities. The face+finger and face+palm combinations reached a reported EER as low as 0.000% for 
all three backbones under optimal fusion in LUTBIO. The finger+palm combination, which excludes 
the face, still provides substantial improvements over the corresponding single-modality results, mak-
ing it an effective alternative when face recognition is unavailable or undesirable. These results are 
consistent with the broader body of work on multimodal biometric fusion, which has repeatedly 
demonstrated that combining complementary modalities substantially improves verification perfor-
mance over single-modality systems [29, 33]. Recent deep learning-based multimodal systems that fuse 
face with other traits such as face–iris fusion [19] and iris–face–palmprint fusion [31] have likewise 
reported strong verification gains from integrating multiple modalities, while hybrid deep-and-tradi-
tional pipelines have shown similar improvements across smart-environment settings [32]. The present 
findings extend this line of work by showing that comparable or superior verification performance can 
be obtained through a modality-aware backbone selection strategy combined with simple score-level 
fusion, rather than through more complex feature-level or hybrid fusion designs. 

The main strength of this study lies in its controlled experimental protocol: by holding the dataset, 
subject-disjoint splits, augmentation, loss function, training schedule, and hardware constant, the back-
bone architecture remains the only variable, enabling a fair and reproducible cross-architecture com-
parison. A further strength is the joint evaluation of single-modality performance and score-level fusion 
across two datasets (LUTBIO and XJTU) and three biometric traits. Nevertheless, several limitations 
should be acknowledged. First, public multimodal biometric datasets containing matched face, finger-
print, and palmprint samples from the same subjects remain scarce, which constrains the scale of eval-
uation. Second, the palmprint modality was evaluated on only 138 genuine pairs; consequently, the 
reported 0.000% EER values reflect the resolution limits of the available sample and should not be in-
terpreted as zero population-level error. Third, all hyperparameters were deliberately fixed across the 
backbones to isolate the architectural effect, so the reported figures represent a controlled comparison 
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rather than each model's individually optimized peak performance. Finally, the data was acquired un-
der controlled conditions; performance under unconstrained, real-world acquisition remains to be eval-
uated in future work. 

 
6. Conclusions 

This study evaluated three representative deep learning backbones (ResNet50, EfficientNetV2-S, 
and the Swin-T) for multimodal biometric verification under a fully controlled protocol in which the 
backbone architecture was the only variable. The principal finding is that no single architecture is uni-
versally superior: the best-performing backbone is modality-dependent, with the Swin Transformer 
leading on face, ResNet50 on fingerprint, and EfficientNetV2-S on palmprint. Score-level fusion con-
sistently improved verification performance over the best single modality across both the LUTBIO and 
XJTU datasets. 

The main contribution of this work is a fair, confound-free, and reproducible framework for com-
paring deep learning architectures across biometric modalities, in which the datasets, splits, prepro-
cessing, loss, training schedule, and hardware are held constant. The significance of this approach is 
that observed performance differences can be attributed to the architecture itself rather than to uncon-
trolled experimental factors. 

Regarding practicality, the results indicate that biometric system development should involve a 
modality-specific approach, which entails using a heterogeneous model where each modality has the 
best backbone, with the use of score-level fusion providing an efficient means of verification. The ben-
efit of score level fusion is that it ensures the independence of each modality’s processing path without 
the need for retraining. 

Future research should explore incorporating other operational data, feature-level fusion, and 
lightweight architectures suitable for edge computing, as well as conduct subgroup analysis to evaluate 
fairness in different demographic groups. 
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