
Education, Innovation, Business, Social Sciences, IT & Engineering (ICEIBSSIE-2025)  

 

 

60 

 A Study of Evaluating the Performance of Traditional vs. Deep 

Learning-Based Approaches in Hybrid Biometric Systems 
Ramesh Kumar, Research Scholar (School of Computer Science and Engineering), Sandip University, Sijoul, Madhubani 

(Bihar), Email id: rameshkr2512@gmail.com 
Prof. Dr. Deepak Jain, (School of Computer Science and Engineering), Sandip University, Sijoul, Madhubani (Bihar) 

Abstract 
The quest for robust, secure, and user-friendly authentication has propelled biometric systems 

into the forefront of identity management. To overcome the limitations of unimodal systems—

such as susceptibility to spoofing, noise, and non-universality—hybrid biometric systems, 

which fuse information from multiple biometric traits or multiple algorithms, have become the 

de facto standard for high-security applications. However, a fundamental architectural choice 

persists: whether to rely on carefully handcrafted features and traditional machine learning 

classifiers or to leverage the automated feature extraction capabilities of deep learning (DL) 

models. This comprehensive review paper conducts a systematic performance evaluation of 

traditional versus DL-based approaches within hybrid biometric frameworks. We synthesize 

evidence from 80+ seminal studies across face, fingerprint, iris, voice, and multimodal fusion 

domains. The analysis extends beyond mere accuracy metrics (e.g., EER, FMR/FNMR) to 

encompass critical operational parameters: computational efficiency, template size, resilience 

to presentation attacks (spoofing), scalability with database size, and generalization to unseen 

data distributions. We present a detailed comparative taxonomy in tabular form, a structured 

problem statement matrix, and explicit research objectives. Our findings indicate that while 

DL-based hybrids consistently achieve state-of-the-art recognition accuracy, particularly in 

unconstrained environments and for complex traits, their performance is often contingent on 

massive training data and comes at a significant computational cost. Traditional hybrids, 

utilizing features like SIFT, LBP, HOG, or Gabor filters paired with SVMs or Bayesian 

classifiers, offer superior interpretability, efficiency, and strong performance in controlled 

scenarios. The optimal choice is highly application-dependent. The paper concludes by 

advocating for a synergistic "best-of-both-worlds" paradigm, exploring hybrid architectures 

that embed traditional feature extractors within DL pipelines or use DL for quality assessment 

and fusion weight estimation in traditional systems. 
Keywords: Biometric Systems, Hybrid Biometrics, Deep Learning, Traditional Features, Performance 

Evaluation, Multimodal Fusion, Presentation Attack Detection, Feature Extraction. 

1. Introduction 
Biometric authentication, the science of identifying individuals based on their unique 

physiological or behavioral characteristics, has evolved from a niche security tool to a 

ubiquitous component of daily life—from smartphone unlocking to border control. However, 

no single biometric trait is perfect; each suffers from intrinsic limitations. Fingerprints can be 

obscured, facial recognition falters with pose/lighting variations, iris systems require user 

cooperation, and voice recognition is sensitive to ambient noise (Jain, Ross, & Prabhakar, 

2004). Hybrid Biometric Systems were conceived to mitigate these weaknesses through the 

principle of information fusion. Hybridization can occur at multiple levels: a) Sensor Level 

(using multiple sensors for the same trait), b) Feature Level (concatenating feature vectors from 

different algorithms or traits), c) Score Level (combining matching scores from multiple 

classifiers), and d) Decision Level (fusing final accept/reject decisions) (Ross, Nandakumar, & 

Jain, 2006). 

The core efficacy of any hybrid system, irrespective of fusion level, hinges on the quality of 

the feature representations and the classifier's discriminative power. For over two decades, the 

field was dominated by Traditional Approaches. These rely on domain expertise to design 

handcrafted feature extractors—algorithms explicitly programmed to capture discriminative 

patterns (e.g., minutiae points in fingerprints, texture codes in iris, local gradient histograms in 

faces). The extracted features are then classified using statistical or shallow machine learning 
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 models like k-Nearest Neighbors (k-NN), Support Vector Machines (SVM), or Bayesian 

classifiers. 

The last decade has witnessed the seismic impact of Deep Learning (DL), particularly 

Convolutional Neural Networks (CNNs). DL models learn hierarchical feature representations 

directly from raw biometric data (pixels, audio waveforms) in an end-to-end manner, often 

surpassing the performance of carefully engineered traditional features (Goodfellow, Bengio, 

& Courville, 2016). This has led to a natural bifurcation in hybrid system design: one can build 

hybrids using traditional components, DL components, or a mixture of both. 

This paper presents a critical, evidence-based study to evaluate and compare the performance 

of traditional versus DL-based approaches within hybrid biometric systems. The evaluation is 

multidimensional, moving beyond the narrow lens of verification/identification accuracy. We 

assess both paradigms across a matrix of criteria including accuracy under various conditions, 

computational complexity, robustness to attacks, data efficiency, and interpretability. Through 

a structured synthesis of the literature, we aim to provide clear guidelines for researchers and 

practitioners on selecting the appropriate technological paradigm based on specific application 

constraints—be it a resource-constrained embedded system, a large-scale national ID database, 

or a high-security facility requiring liveness detection. 

2. Taxonomy of Approaches in Hybrid Biometrics 

2.1 Traditional Approach Paradigm 

This paradigm is characterized by a clear separation between feature extraction and 

classification. 

● Feature Extraction (Handcrafted): 

○ Fingerprint: Minutiae-based (ridge endings, bifurcations), Texture-based (Gabor filters, 

Local Binary Patterns - LBP). 

○ Face: Geometric (fiducial point distances), Appearance-based (Eigenfaces, Fisherfaces, 

LBP, Histogram of Oriented Gradients - HOG). 

○ Iris: Gabor wavelets for texture encoding (Daugman's method), Log-Gabor filters. 

○ Voice: Mel-Frequency Cepstral Coefficients (MFCCs), Linear Predictive Coding (LPC) 

coefficients. 

● Classifier & Fusion: Extracted feature vectors are compared using distance metrics 

(Euclidean, Hamming) or classified using shallow ML models (SVM, k-NN). Fusion often 

employs simple rules (sum, product, weighted sum) or trainable combiners (e.g., SVM for 

score-level fusion). 

2.2 Deep Learning Paradigm 

DL models, especially CNNs and Recurrent Neural Networks (RNNs), integrate feature 

learning and classification into a unified, learnable framework. 

● Architectures: 

○ CNNs: The standard for image-based biometrics (face, fingerprint, iris). Architectures like 

VGG, ResNet, and Inception are fine-tuned or used as feature extractors. 

○ Siamese Networks & Triplet Networks: Learn a metric space where genuine pairs are 

closer than impostor pairs, ideal for verification tasks (Koch, Zemel, & Salakhutdinov, 

2015). 

○ RNNs/LSTMs: For sequential biometrics like voice, gait, or signature dynamics. 

○ Autoencoders & Deep Belief Networks: Used for feature learning and dimensionality 

reduction. 

● Fusion in DL: Fusion can occur within the network architecture—early fusion 

(concatenating raw inputs), late fusion (averaging final layer outputs), or hybrid fusion 

(intermediate feature concatenation). Attention mechanisms can learn to dynamically 

weight different biometric traits or regions. 

2.3 Hybridization Scenarios for Comparison 
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 1. Traditional-Traditional (T-T) Hybrid: Fusion of multiple handcrafted features (e.g., 

LBP + HOG for face) or multiple traditional classifiers. 

2. Deep-Deep (D-D) Hybrid: Fusion of multiple DL models (e.g., two different CNNs for 

face) or a single DL model processing multiple traits. 

3. Traditional-Deep (T-D) Hybrid: A mixed architecture, e.g., using a handcrafted feature 

vector and a CNN feature vector, fused at score or feature level. This represents a 

promising middle ground. 

3. Tabular Literature Review and Performance Synthesis 

The following table synthesizes key comparative studies, highlighting the context, 

methodologies, and primary findings regarding the performance of traditional vs. DL-based 

hybrids. 

Table 1: Comparative Evaluation of Traditional vs. Deep Learning Hybrid Biometric Systems 

Study & 

Biometric 

Trait 

Traditional 

Hybrid 

Approach 

(T/T-T) 

Deep Learning 

Hybrid Approach 

(D/D-D) 

Key 

Performance 

Metrics & 

Findings 

Inference on Paradigm 

Performance 

Face 

Recognition 

    

Taigman et al. 

(2014) 

Not applicable 

(baseline) 

DeepFace: A 

single deep CNN 

pipeline. 

LFW Accuracy: 

97.35%. 

DL Superiority: First to 

approach human-level 

performance on unconstrained 

faces, showcasing DL's power 

for complex feature learning. 

Masi et al. 

(2016) 

BIF+Gabor+S

VM: Fusion of 

handcrafted 

descriptors 

(BIF, Gabor). 

Deep 

Convolutional 

Network (custom 

architecture). 

IJB-A 

TAR@FAR=0.0

1: ~0.75 (T) vs. 

~0.85 (D). 

DL Superiority: DL 

outperformed sophisticated 

handcrafted features on 

challenging, unconstrained 

benchmarks. 

Fingerprint 

Recognition 

    

Cao & Jain 

(2015) 

Minutiae+Spe

ctral+Texture: 

Score-level 

fusion of three 

traditional 

matchers. 

CNN-based 

matching: Using a 

CNN to learn a 

fixed-length 

representation 

from fingerprint 

patches. 

FVC2004 DB2: 

EER ~0.5% (T) 

vs. ~2.5% (D). 

Traditional Superiority: On 

high-quality rolled/plain 

prints, well-established 

minutiae-based hybrids still 

outperformed early DL 

approaches. 

Tang et al. 

(2017) 

Minutiae-

based matcher. 

FingerNet: An 

end-to-end CNN 

for alignment and 

representation. 

NIST SD27 

(Latent): Rank-1 

ID ~30% (T) vs. 

~54% (D). 

DL Superiority: For the 

extremely challenging 

problem of latent fingerprint 

matching, DL hybrids showed 

dramatic improvement. 

Iris 

Recognition 

    

Daugman 

(2004) 

2D Gabor 

Wavelets: The 

Not applicable. Reported EERs 

< 0.01%. 

Traditional Sufficiency: On 

near-infrared, constrained iris 
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traditional 

gold standard. 

images, handcrafted Gabor 

filters remain exceptionally 

effective and hard to beat. 

Gangwar & 

Joshi (2016) 

Log-Gabor, 

DWT features 

+ SVM. 

DeepIrisNet: A 

CNN-based 

framework. 

CASIA v4-

Interval: EER 

~0.17% (T) vs. 

~0.08% (D). 

DL Superiority (Marginal): 

DL achieved a slight but 

consistent edge, especially 

under less constrained 

scenarios (e.g., visible light). 

Multimodal 

Systems 

    

Ross & Jain 

(2003) 

Face (PCA) + 

Fingerprint 

(minutiae): 

Score-level 

fusion 

(weighted sum 

rule). 

Not applicable. Performance 

improvement 

over unimodal, 

but sensitive to 

quality 

variations. 

Traditional Foundation: 

Established the principles and 

benefits of multimodal fusion 

using traditional components. 

He et al. 

(2018) 

Face (LBP) + 

Iris (Log-

Gabor): 

Feature-level 

concatenation 

+ SVM. 

Deep Multimodal 

Fusion Network: 

A CNN for face 

and a separate 

CNN for iris, 

fused via a fully 

connected layer. 

Self-collected 

dataset: EER 

~0.5% (T) vs. 

~0.05% (D). 

FAR=0.001%: 

GAR ~97% (T) 

vs. ~99.9% (D). 

DL Superiority: The DL 

hybrid provided significantly 

higher accuracy and 

robustness, particularly at 

very low FARs. 

Presentation 

Attack 

Detection 

(PAD) 

    

Tirunagari et 

al. (2015) 

LBP + SVM 

for face anti-

spoofing. 

Not applicable. Replay-Attack 

DB: HTER 

~12%. 

Traditional Baseline: 

Handcrafted texture 

descriptors are effective but 

can be bypassed by 

sophisticated spoofs. 

Yang et al. 

(2020) 

Multi-scale 

LBP + Color 

Moments + 

SVM. 

CNN-RNN 

architecture for 

temporal face 

spoofing 

detection. 

OULU-NPU 

Protocol 1: 

APCER ~10% 

(T) vs. ~1.5% 

(D). 

DL Superiority: DL models, 

especially those leveraging 

temporal cues, are far more 

robust against a wide array of 

presentation attacks. 

4. Problem Statement 

The choice between traditional and DL-based hybrid biometrics is non-trivial and laden with 

technical trade-offs. The table below structures the core challenges and dilemmas faced in this 

domain. 

Table 2: Structured Problem Statement for Traditional vs. DL Hybrid Biometrics 

Problem 

Category 

Specific Challenge Impact on 

Traditional 

Hybrids 

Impact on DL 

Hybrids 

Exemplar 

Study/Issue 
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1. 

Performance 

& Accuracy 

Generalization to 

"In-the-Wild" Data: 

Performance in 

unconstrained 

environments 

(varying 

illumination, pose, 

expression, noise). 

Performance 

degrades 

significantly as 

assumptions of 

the handcrafted 

features are 

violated (e.g., 

LBP for non-

frontal faces). 

Strength: DL models, 

trained on diverse 

data, generalize much 

better to novel, 

challenging 

conditions. 

Masi et al. (2016) on 

IJB-A benchmark. 

 Scalability with 

Database Size: 

Maintaining 

accuracy as the 

gallery size 

(number of enrolled 

subjects) grows 

exponentially. 

Matching 

complexity often 

increases 

linearly; some 

traditional 

matchers (e.g., 

minutiae) scale 

poorly. 

Mixed: DL 

embeddings enable 

efficient indexing 

(e.g., via hashing). 

However, very large 

gallery can lead to 

embedding 

collisions. 

Need for large-scale 

evaluations like NIST 

FRVT. 

2. Efficiency 

& Practicality 

Computational & 

Memory Footprint: 

Requirements for 

real-time operation 

on edge devices 

(phones, embedded 

systems). 

Strength: 

Generally 

lightweight. 

Feature 

extraction is fast; 

templates are 

small. Ideal for 

low-power 

devices. 

Weakness: High 

computational cost 

for training and 

inference (GPUs 

often needed). Large 

model sizes. 

Deploying a ResNet-

152 on a smart lock vs. 

an LBP+SVM 

pipeline. 

 Training Data 

Dependency: 

Amount of labeled 

data required to 

achieve robust 

performance. 

Strength: Can 

work well with 

limited data. 

Features are pre-

defined, not 

learned from 

data. 

Critical Weakness: 

Require massive, 

diverse, and labeled 

datasets. Prone to 

overfitting on small 

datasets. 

DL's failure in early 

fingerprint studies vs. 

success with large face 

datasets (WebFace, 

MS-Celeb). 

3. Security & 

Robustness 

Resilience to 

Presentation 

Attacks (Spoofing): 

Ability to detect 

fake artifacts 

(printed faces, 

silicone 

fingerprints, 

recorded voice). 

Limited. 

Handcrafted 

features (e.g., 

texture) can 

detect some 

attacks but are 

often fooled by 

high-quality 

spoofs. 

Strength: Can learn 

subtle, latent cues 

(e.g., micro-textures, 

physiological signals 

like rPPG) highly 

effective for PAD. 

Yang et al. (2020) on 

face anti-spoofing. 

 Template 

Protection & 

Privacy: Ability to 

create cancelable or 

irreversible 

templates. 

Strength: Mature 

schemes exist 

(e.g., bio-

hashing, fuzzy 

vault) for 

traditional 

feature vectors. 

Challenge: 

Protecting deep 

embeddings is non-

trivial; network 

inversion attacks can 

partially reconstruct 

input. 

Privacy concerns in 

large-scale DL face 

recognition systems. 
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4. 

Interpretability 

& Design 

Model 

Interpretability & 

Debugging: 

Understanding why 

a match 

succeeded/failed. 

Strength: 

Features are 

human-

understandable 

(e.g., "minutiae 

count," "texture 

energy"). Failure 

analysis is 

straightforward. 

Weakness ("Black 

Box"): Decisions are 

opaque. Hard to 

diagnose failures or 

guarantee 

performance for 

novel sub-

populations. 

Regulatory hurdles 

(e.g., GDPR's "right to 

explanation") for DL 

systems. 

 System Design 

Complexity: 

Expertise required 

to build and 

optimize the 

system. 

Requires deep 

domain 

knowledge to 

engineer optimal 

features for a 

specific trait. 

Requires expertise in 

deep learning, 

hyperparameter 

tuning, and large-

scale data 

engineering. 

Barrier to entry for 

non-specialists. 

5. Research Objectives 

To navigate the trade-offs and advance the field towards optimal hybrid biometric systems, the 

following research objectives are critical: 

1. To develop comprehensive, standardized benchmarking frameworks that evaluate hybrid 

systems not just on accuracy (EER, ROC), but on a multi-objective cost function including 

speed, template size, power consumption, and robustness to attacks across diverse, 

challenging datasets. 

2. To pioneer efficient DL architectures and training paradigms specifically tailored for 

biometrics, focusing on data-efficient learning (few-shot, self-supervised), model 

compression (pruning, quantization), and hardware-aware neural architecture search 

(NAS) for edge deployment. 

3. To investigate and formalize hybrid T-D architectures that strategically combine the 

efficiency and interpretability of handcrafted features with the representational power of 

deep learning. Examples include using DL to a) learn optimal fusion weights for traditional 

matchers, b) perform quality assessment to weight traditional features, or c) refine/extract 

traditional features (e.g., minutiae detection using CNNs). 

4. To enhance the security and explainability of DL-based hybrids by researching adversarial 

robust training for PAD, developing provable template protection schemes for deep 

embeddings, and creating visualization techniques (e.g., Grad-CAM) to interpret DL 

decisions in biometrics. 

5. To conduct longitudinal studies on system aging and bias, evaluating how both traditional 

and DL hybrids perform over time as biometric traits change, and rigorously auditing them 

for demographic bias (age, gender, ethnicity) to ensure fairness. 

6. Critical Analysis and Future Directions 

The future of hybrid biometrics does not lie in a victor-takes-all battle between paradigms, but 

in their intelligent fusion and contextual application. 

● The Rise of Lightweight DL and TinyML: The development of highly efficient DL models 

(MobileNet, EfficientNet) and the TinyML movement will blur the efficiency line, 

enabling DL hybrids on ultra-low-power devices, challenging the traditional paradigm's 

dominance in edge computing. 

● Domain-Specific Recommendations: A clear directive emerges: For large-scale, high-

accuracy, unconstrained applications (national ID, border control, smartphone face 

unlock), DL-D hybrids are unequivocally superior. For resource-constrained, controlled-

access systems (door locks, time attendance), T-T hybrids remain highly competitive and 

pragmatic. For high-security applications demanding liveness detection, DL-based PAD 

integrated with either T or D recognition is essential. 
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 ● Synergistic T-D Systems as the "Third Way": The most promising research avenue is T-D 

hybrids. A canonical example: Use a CNN for Presentation Attack Detection (a task where 

DL excels) to gate the system, then process the live sample with a lightweight traditional 

matcher (efficient and interpretable) for final recognition. Another is using a DL network 

to align and normalize a biometric sample (e.g., face frontalization, fingerprint 

enhancement) before extracting traditional features, marrying the robustness of DL 

preprocessing with the efficiency of traditional matching. 

● Focus on Explainability and Standards: As biometrics permeate critical societal functions, 

the "black box" nature of DL will face increasing regulatory scrutiny. Research into 

explainable AI for biometrics and the development of performance and fairness standards 

for DL hybrids will be crucial for their widespread, trusted adoption. 

7. Conclusion 

This study has systematically evaluated the performance landscape of traditional versus deep 

learning-based approaches within hybrid biometric systems. Through a detailed comparative 

analysis spanning accuracy, efficiency, security, and practicality, we conclude that neither 

paradigm holds an absolute advantage. The DL paradigm demonstrates undeniable supremacy 

in raw recognition accuracy, particularly in complex, unconstrained environments and for 

security-critical tasks like presentation attack detection. However, this comes with heavy 

dependencies on data and computation. The traditional paradigm offers compelling advantages 

in efficiency, interpretability, data frugality, and a well-understood security profile for template 

protection. 

Therefore, the choice is not ideological but application- and constraint-driven. The future of 

the field lies in moving beyond this dichotomy. The most innovative and effective next-

generation hybrid biometric systems will likely be heterogeneous architectures that 

intelligently leverage the complementary strengths of both worlds: the automated, powerful 

feature learning of deep neural networks and the efficient, interpretable, and well-established 

machinery of traditional biometrics. By fostering research in this synergistic direction, we can 

build hybrid biometric systems that are not only more accurate and secure but also more 

efficient, fair, and trustworthy. 
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