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Abstract: Real-time face recognition systems are increasingly deployed in mobile and edge environments, yet most deep
learning approaches demand GPU acceleration and large memory footprints. This paper presents a lightweight algorithm
combining Haar Cascade detection, HSV histogram feature extraction, and cosine similarity classification. Implemented
via a Flutter mobile client and Flask REST API backend, the system achieves an average end-to-end latency of 82.5 ms
and a False Acceptance Rate (FAR) of 0.25% without GPU support. Experimental evaluation demonstrates that
algorithmic efficiency and minimal infrastructure overhead can outweigh marginal accuracy gains of deep learning
models in controlled access-control scenarios.

1. INTRODUCTION
Biometric authentication has become a cornerstone of modern security systems. Facial recognition, in particular, offers
non-intrusive verification with high user acceptance. While deep learning models such as FaceNet and ArcFace achieve
near-perfect accuracy, their reliance on GPUs and large-scale infrastructure limits deployment in resource-constrained
environments. This work addresses the need for a lightweight, CPU-only solution optimized for small-scale, real-time
applications.

2. RELATED WORK

Early approaches such as Eigenfaces and Fisherfaces relied on dimensionality reduction techniques. Local Binary
Patterns Histograms (LBPH) improved robustness but remained sensitive to illumination. Deep learning methods like
FaceNet and ArcFace revolutionized accuracy but introduced heavy computational demands. The Viola-Jones Haar
Cascade framework remains relevant for CPU-based detection due to its speed and efficiency.

3. PROPOSED METHODOLOGY

The system consists of three sequential stages:
e Face Detection: Haar Cascade applied to grayscale images with optimized parameters.
e Feature Extraction: HSV histograms (50 bins per channel) form a 150-dimensional normalized vector.
e C(lassification: Cosine similarity reduces to a dot product due to pre-normalization, with a threshold of 0.40 for
acceptance.

4. SYSTEM ARCHITECTURE

Mobile Client: Flutter application for image capture and Base64 encoding.

Backend: Flask REST API for detection, extraction, and classification.

Data Transport: JSON payloads ensure lightweight communication.

Storage: Dual-layer persistence with RAM for vectors and filesystem for raw images.

5. EXPERIMENTAL SETUP

e Hardware: Intel Core i7 server, Samsung Galaxy A53 client.
Dataset: 25 subjects, 10 training and 5 testing images each.
e Conditions: Controlled indoor lighting, frontal poses.

6. RESULTS AND DISCUSSION

e Recognition Metrics: Precision = §9.09%, Recall = 78.40%, FAR = 0.25%, FRR =21.60%.
e Latency: Haar detection consumes 83.5% of server time; total server-side latency = 34 ms; end-to-end latency
=82.5 ms.
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e Threshold Trade-off: Lowering threshold to 0.30 improves recall to 92.8% but increases FAR to 1.56%.

7. CONCLUSION

The proposed HSV histogram-based algorithm demonstrates that efficient, CPU-only recognition is feasible for small-
scale deployments. While accuracy is lower than deep learning models, the trade-off in speed, memory footprint, and
security makes it suitable for edge applications. Future work includes integrating Presentation Attack Detection (PAD),
scalability testing, and hybrid approaches combining handcrafted and learned features.
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