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Objective

• Explore the opportunities to utilize Seismocardiograms (SCG) as 
biometrics



Background

• External biometrics: fingerprints, iris, faces [1]
oConvenient

oMature technology compared to internal biometrics

• Internal biometrics: ECG, SCG [2-4]
oAgainst spoofing attacks

oContain physiological health information



Background

• ECG Biometrics:
oReported in several studies [4-7]

o State-of-the-art models: 2D-CNN [4,7]

• SCG Biometrics:
o State-of-the-art model: PCA-based SCG biometric model [8]

o98.89% recognition rate is reported, but equal error rate (EER) is not  



Methods

• Dataset: publicly available SCG data from PhysioBank, 20 subjects’ steady 
posture data of 5 minutes, with each before and after listening to music

• Biometric Modules:

➢SCG Data Cleaning
▪ Savitzky-Golay filtering

▪ Heartbeat detection

➢Feature Extraction
▪ Continuous wavelet transform (CWT)

➢Data Matching
▪ General distance metric: L1 norm, L2 norm

▪ Machine learning algorithms

▪ Deep learning models



Methods

Signal Processing & 
Peak Detection

Wavelet Transform

Biometric Matching
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Results
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Equal Error Rate
• Similarity approach: ≈ 1%
• Machine Learning classifiers: <0.01%
• Deep CNN classifiers: <0.01%

Work Equal Error Rate (%)

PCA + Machine Learning 
Classifier [8]

1% (estimated)

Ours <0.01%



Seismocardiography (SCG) Biometric - Visualization
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Summary

• Seismocardiogram can potentially become a biometric

• Research on Motion Artifact Resilient SCG Biometric is highly 
required for generalized SCG biometrics

• Extend to other applications, e.g. posture recognition

10



References

[1] T. Ko, “Multimodal biometric identification for large user population using fingerprint, face and iris recognition,” in 34th 
Applied Imagery and Pattern Recognition Workshop (AIPR’05). IEEE, 2005, pp. 6–pp.

[2] Z. Zhao, Y. Zhang, Y. Deng, and X. Zhang, “Ecg authentication system design incorporating a convolutional neural 
network and generalized s-transformation,” Computers in biology and medicine, vol. 102, pp. 168–179, 2018.

[3] O. T. Inan, P.-F. Migeotte, K.-S. Park, M. Etemadi, K. Tavakolian,R. Casanella, J. Zanetti, J. Tank, I. Funtova, G. K. 
Prisket al., “Ballis-tocardiography and seismocardiography: A review of recent advances,”IEEE journal of biomedical and 
health informatics, vol. 19, no. 4, pp.1414–1427, 2014.

[4] P.-Y. Hsu, P.-H. Hsu, and H.-L. Liu, “Fold electrocardiogram into a fingerprint,” in Proceedings of the IEEE/CVF 
Conference on Computer Vision and Pattern Recognition Workshops, 2020, pp. 828–829.

[5] C. Carreiras, A. Lourenc o̧, H. Silva, A. Fred, and R. Ferreira, “Evaluating template uniqueness in ecg biometrics,” in 
Informatics in Control, Automation and Robotics. Springer, 2016, pp. 111–123.

[6] B. Wu, G. Yang, L. Yang, and Y. Yin, “Robust ecg biometrics using two-stage model,” in2018 24th International 
Conference on Pattern Recognition (ICPR). IEEE, 2018, pp. 1062–1067.

[7] Y.-H. Byeon, S.-B. Pan, and K.-C. Kwak, “Intelligent deep models based on scalograms of electrocardiogram signals 
for biometrics,”Sensors, vol. 19, no. 4, p. 935, 2019.

[8] A. A. Bui, Z. Yu, and F. M. Bui, “A biometric modality based onthe seismocardiogram (scg),” in2015 International 
Conference andWorkshop on Computing and Communication (IEMCON). IEEE, 2015,pp. 1–7.


