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I. INTRODUCTION 
 

Face recognition has emerged as one of the most 

significant applications of artificial intelligence, 

machine learning, and computer vision. Modern 

biometric systems are widely deployed in 

surveillance, banking, mobile authentication, 

attendance management, identity verification, 

border security, and access control. Despite these 

advances, recognizing identical twins remains one of 

the most challenging problems in biometric 

identification. 

 

Identical twins share highly similar facial structures 

and genetic characteristics. Their facial embeddings 

produce overlapping cosine similarity distributions 

in the range 0.70–0.85, which exceeds the 

acceptance threshold of most deployed systems 

(0.60–0.75), resulting in high false acceptance rates 

when one twin attempts to authenticate as the other. 

Traditional methods such as Eigenfaces, Fisherfaces, 

and LBPH relied on handcrafted features and 

struggled under varying environmental conditions. 

Deep learning approaches — FaceNet, DeepFace, 

and ArcFace —improved performance through 

discriminative embeddings; however, most systems 

still depend on fixed similarity thresholds and 

controlled datasets, limiting real-world viability. 

 

This research proposes a Twin-Aware Adaptive 

Face Recognition Framework. The key 

contributions are: 

 Adaptive Threshold Calibration Engine (T = μ + 

kσ) for minimal-separation twin embeddings. 

 Twin-Specific Similarity Distribution Analysis for 

discrimination at cosine similarity 0.73–0.82. 

 Quantified Environmental Robustness 

Evaluation with per-condition mitigation 

strategies. 

 Real-Time ONNX Runtime Deployment with 28 

ms GPU and 35 ms end-to-end latency. 

 

II. LITERATURE SURVEY 
 

A. Handcrafted Feature Methods 

Eigenfaces [9] and Fisherfaces [10] apply PCA and 

LDA respectively. Both critically assume linearity in 

feature space, producing unacceptable error rates 
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for genetically similar  subjects.  LBPH  [6]  improves  

texture discriminability but is insufficient to capture 

micro-texture differences distinguishing identical 

twins, with FAR consistently exceeding 15%. 

 

B. Deep Learning Methods 

FaceNet [2] introduced triplet loss-based 

embedding optimization but requires large curated 

training sets and deploys with fixed thresholds — 

inflexible for twin scenarios where embeddings 

cluster near the decision boundary. DeepFace [3] 

achieved near-human accuracy on general 

benchmarks but relies on 3D alignment models 

prone to real-world failure, with no twin-specific 

evaluation. ArcFace [1] introduced additive angular 

margin loss improving embedding compactness; 

however, even ArcFace embeddings for 

monozygotic twins overlap in the 0.70–0.85 range, 

which no prior deployment addresses through 

adaptive calibration. 

 

C. Twin-Specific Research 

McCauley et al. [7] explored Siamese networks for 

twin recognition but demonstrated sensitivity to 

dataset size with no real-time deployment. Sun et al. 

[8] achieved strong results with iris-based twin 

discrimination but requires specialized capture 

hardware. None of the reviewed works implement 

adaptive threshold mechanisms responsive to per-

subject embedding distributions, nor provide 

structured environmental robustness evaluation with 

mitigation strategies. 

 

III. RESEARCH GAPS IDENTIFIED 
 

The literature survey identified five key 

unresolved gaps: 

 No adaptive threshold mechanisms for twin-

specific embedding overlap. 

 Absence of structured environmental robustness 

evaluation with quantified degradation metrics. 

 No validated real-time deployment framework 

for twin recognition tasks. 

 No experimental methodology linking similarity 

distribution statistics to threshold calibration. 

 Missing FAR/FRR and computational complexity 

analysis in twin recognition studies. 

 

IV. PROPOSED FRAMEWORK 
 

The proposed Twin-Aware Adaptive Recognition 

Framework consists of eight interconnected 

modules: 

1. Image Acquisition Module —real-

time webcam/smartphone capture (30 fps). 

2. Face Detection & Alignment — SCRFD-10G 

detector, landmark-based 112×112 alignment. 

3. ArcFace Embedding Generator — iResNet-100 

producing 512-dim L2-normalized embeddings. 

4. Embedding Database — NumPy-based storage 

(~2 KB per registered identity). 

5. Similarity Distribution Analyzer — computes μ 

and σ from intra-class and inter-class pairs. 

6. Adaptive Threshold Calibration Engine 

— computes T = μ + kσ using ROC-validated k. 

7. Recognition Decision Module — cosine 

similarity comparison vs. adaptive threshold. 

8. Streamlit-Based UI — real-time registration and 

verification interface. 

The novelty resides in Modules 5 and 6: dynamically 

calibrating decision thresholds per subject pair using 

statistical distribution properties rather than a 

globally fixed value. 

 

V. RESEARCH METHODOLOGY 
 

A. Dataset 

The dataset comprised 10 identical twin pairs (20 

subjects, 4,000 total images). Images were captured 

using a Logitech C920 HD webcam (1920×1080, 30 

fps) and a Samsung Galaxy S21. The dataset included 

8 male and 2 female pairs, ages 19–34, of South 

Asian ethnic background — an acknowledged 

limitation. Images were captured across 5 sessions 

per subject over 3 weeks. A 70:30 stratified train-test 

split ensured no identity overlap. Table I summarizes 

composition. 

 

TABLE I. Dataset Composition 
Parameter Detail Train 

(70%) 
Test 

(30%) 
Twin Pairs 10 7 pairs 3 pairs 
Total Subjects 20 14 6 

Images/Subject ~200 ~140 ~60 

Total Images 4,000 2,800 1,200 

Gender 8M / 2F pairs — — 

Age Range 19–34 years — — 
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Capture Device Logitech 

C920 HD / 

Samsung 

S21 

— — 

Conditions 6 variations 4 6 

 

B. Similarity Metric 

Cosine similarity between embedding vectors A and 

B: S(A,B) = (A·B) / (∥A∥∥B∥) 

 

C. Adaptive Threshold 

The adaptive threshold formula is T = μ + kσ, where 

μ = mean intra-class cosine similarity and σ = 

standard deviation. The coefficient k ∈ {0.50, 0.75, 

1.00, 1.25, 1.50} was swept on the training partition; 

Table III presents results. 

  

TABLE III. Threshold Calibration — k-Value Sweep 
k Threshold FAR 

% 
FRR 
% 

EER 
% 

Sel. 

0.50 0.72–0.76 8.1 2.3 5.2 No 
0.75 0.76–0.79 5.8 3.9 4.9 No 

1.00 0.78–0.82 4.2 5.1 4.6 YES 

1.25 0.80–0.85 3.1 7.8 5.4 No 

1.50 0.83–0.88 1.9 11.2 6.5 No 

 

k = 1.00 achieved the lowest EER (4.6%) with 

threshold range 0.78–0.82 and was adopted for all 

experiments. 

 

VI. TOOLS AND TECHNOLOGIES 
 

The framework was implemented in Python 3.10 

using: OpenCV (face detection, preprocessing, 

webcam), InsightFace / ArcFace iResNet-100 

(embedding generation), Streamlit (real-time UI), 

NumPy (computation and embedding storage), 

ONNX Runtime 1.16 with CUDA Execution Provider 

(accelerated inference), CLAHE (illumination 

normalization), and SCRFD-10G face detector. 

Hardware: Intel Core i5, 8 GB RAM, NVIDIA GPU. 

Complete technical specifications are provided in 

Table VI (Section XI). 

 

VII. EXPERIMENTAL SETUP AND 

RESULTS 
 

Evaluation was conducted under six conditions: 

frontal controlled lighting, side facial poses, smiling, 

neutral expression, low-light, and varying camera 

distance. Performance metrics achieved: 

 Accuracy: 94.6% | Precision: 93.8% 

 Recall: 92.4% | F1 Score: 93.1% 

 FAR: 4.2% | FRR: 5.1% 

 EER: 4.6% | AUC (ROC): 0.96 

The AUC of 0.96 confirms strong overall 

discriminability. Adaptive threshold calibration 

reduced FAR by 11.6 percentage points over LBPH 

and 4.4 points over FaceNet. 

 

VIII. CONFUSION MATRIX AND 

SIMILARITY ANALYSIS 
 

Table II presents the confusion matrix on the held-

out test set (450 genuine and 450 impostor 

comparisons). 

 

TABLE II. Confusion Matrix — Test Set 
 Pred: Match Pred: No Match 

Actual: Match TP = 218 
(94.4%) 

FN = 13 (5.6%) 

Actual: No 

Match 

FP = 9 (4.1%) TN = 210 

(95.9%) 

 

Cosine similarity observations: same person frontal = 

0.91, same person different angle = 0.88, Twin A vs 

Twin B = 0.73, unrelated person = 0.42. The adaptive 

threshold T = 0.78–0.82 separates genuine (mean 

0.89) from twin impostor (mean 0.73) with a 

discrimination margin of 0.09–0.16. 

 

IX. BENCHMARK COMPARISON 
 

Tables V and IV present performance benchmark and 

critical feature-level comparison across all methods, 

evaluated on the same 10-pair dataset under 

identical conditions. 

 

TABLE V. Performance Benchmark 
Method Acc. Prec. Recall EER 

% 

LBPH 78.4% 76.2% 74.8% 17.4 
FaceNet [2] 88.7% 87.3% 86.1% 9.2 

DeepFace [3] 90.1% 89.6% 88.4% 7.8 
Proposed 94.6% 93.8% 92.4% 4.6 
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TABLE IV. Critical Comparison with Prior Works 

Method Twin? Adaptive RT? Acc. 
LBPH No No Yes 78.4% 

FaceNet [2] No No Yes 88.7% 

DeepFace [3] No No Part 90.1% 

McCauley [7] Yes No No ~89% 

Sun et al. [8] Yes No No ~91% 
Proposed Yes Yes Yes 94.6% 

 

The proposed framework achieves 94.6% accuracy, 

outperforming LBPH by 16.2 pp, FaceNet by 5.9 pp, 

and DeepFace by 4.5 pp. The EER improvement from 

9.2% (FaceNet) to 4.6% (proposed) represents a 50% 

reduction in biometric error rate. 

 

X. ROBUSTNESS ANALYSIS 
 

Table VII summarizes accuracy under controlled 

environmental degradation with applied mitigations. 

 

TABLE VII. Robustness Under Environmental 

Degradation 

Condition Acc. (%) Drop 
(%) 

Mitigation 

Baseline (Good 
Light) 

94.6 — None required 

Low 
Illumination 

91.4 3.2 CLAHE 
normalization 

Partial 
Occlusion 

90.5 4.1 SCRFD high-recall 
detector 

Pose Variation 91.9 2.7 3-frame score 
averaging 

 Three mitigation strategies are implemented: (1) 

CLAHE illumination normalization recovers ~1.8% 

accuracy under poor  lighting;  (2)  multi-frame 

 

XI. TECHNICAL IMPLEMENTATION 
 

aggregation (3-frame average) reduces pose 

variation noise; (3) SCRFD-10G maintains >95% 

detection recall under 40% facial occlusion. 

  

Table VI provides complete technical 

implementation specifications including model 

parameters, inference times, memory footprint, and 

computational complexity. This table spans the full 

page width. 

TABLE VI. Technical Implementation Specifications 
Technical Parameter Specification / Value 

Backbone Model ArcFace iResNet-100 (IR-SE100) 

Embedding Dimension 512-dimensional, L2-normalized feature vector 

Model Parameters ~65.2 million trainable parameters 

Pre-training Dataset MS-Celeb-1M (InsightFace pretrained weights) 

Face Detector SCRFD-10G (ResNet-50 backbone, 10 GFLOPs) 

Inference Framework ONNX Runtime 1.16 with CUDA Execution Provider 

GPU Acceleration NVIDIA GPU, CUDA 11.8, cuDNN 8.6 

CPU Inference Time ~180 ms per frame (Intel Core i5, no GPU) 

GPU Inference Time ~28 ms per frame (NVIDIA GPU + ONNX Runtime) 

End-to-End Latency ~35 ms (detection + embedding + similarity comparison) 

Preprocessing Pipeline Face alignment, normalization to 112×112 px, BGR-to-RGB 

Computational Complexity O(n) cosine similarity search, linear in enrolled identities 

Memory Footprint ~260 MB GPU VRAM during inference 

Python & OS Python 3.10.12, Ubuntu 22.04 / Windows 11 (cross-
platform) 

XII. FUTURE SCOPE 
 

Future work will expand to 50+ twin pairs across 

diverse ethnic groups. Transformer-based 

architectures (ViT, Swin Transformer) and attention-

based embedding optimization represent promising 

directions. Additional directions: 

 Edge AI deployment for resource-constrained 

environments. 

 Federated learning for privacy-preserving 

biometric verification. 

 Multimodal biometrics: face + iris + behavioral 

integration. 
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 Mobile authentication with quantized sub-10 ms 

inference. 

 Diverse twin datasets across multiple ethnicities 

and geographies. 

 

XIII. CONCLUSION 
 

This paper presented a Twin-Aware Adaptive Face 

Recognition Framework addressing the core 

limitation of fixed-threshold systems. The four 

contributions — Adaptive Threshold Calibration 

Engine (T = μ + kσ), Twin-Specific Similarity 

Distribution Analysis, quantified environmental 

robustness evaluation, and real-time ONNX Runtime 

deployment — collectively resolve the primary gaps 

in prior twin recognition literature. 

 

Experiments on 10 identical twin pairs demonstrated 

94.6% accuracy, FAR 4.2%, FRR 5.1%, EER 4.6%, and 

AUC 0.96, significantly outperforming all compared 

baselines. EER improved 50% over FaceNet. End-to-

end GPU latency of 35 ms validates practical 

deployment viability. Dataset limitations (10 pairs, 

South Asian demographics) motivate large-scale 

diverse future work. 
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