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Application to Gender Classification

Seung Hyun Moon*!, Seung Min Baek*’, Bak EunSang**', and Sungbum Pan**’

o] =& =AU el AdE ol A7HIH2024d)

2 <

B =M AREECG) 4159 13- AAE HH, GAF(Gramian Angular Field) ¥3He 53 2319 o|n]
A AR, 283 AYTH 71818y B4 dEHE AP 5 9Ed AlzEs Adsidth Adshes ARl
1D ResNetl.Z A8 sE8E& 8h5slal, GAFZ H3HE 2D ov|AE 2D ResNetol A83st50mH, of7]o|
PQRST 543 7|uke] 7|518H8 WEE 712 Zddstd Al 714 ZEZ AT ogd g dAe 4s
o] xdgs FUsEIG T O & gskr] A8 F diolElAl ECGID, AHA dlolgAl CSU_DBE &4
sto] A 5 AYE YAk A3 A, At Axge 7 vlojeAlo] tis] 988%, 99.6% =2 B A
Sog 2T o8 B3l Adste AlzEe] 134 AAE AEE gAdeR Sste] B3k A
P 9-S 018191, o] dA el EASS Wy TRl Agsls avzel el Ax geld 4 ik

Abstract

This study proposes an integrated deep leaming framework that combines 1D ECG time-series signals, 2D
image-transformed representations of the ECG, and geometric feature vectors derived from the physiological properties of
the ECG. The architecture is based on the ResNet model and comprises three core components. The 1D ResNet learns
the temporal dynamics of ECG, the 2D ResNet applied to GAF-transformed representations extracts spatial patterns, and
geometric feature vectors derived from PQRST fiducial points a available datasets. Experimental results demonstrate that
the proposed integrated model achieves classification accuracre incorporated as auxiliary inputs. The system is designed
to enhance the representational capacity of 1D time-series signals by extending them into multiple dimensions. It is
evaluated in the context of gender classification using publiclyies of 98.8% on the filtered ECG-ID dataset and 99.6%
on the CSU DB dataset. These findings validate the proposed architecture as an effective strategy for multi-dimensional
analysis of ECG signals, and for integrating heterogeneous features within a unified deep learning framework.
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Fig. 1. Extraction of geometric feature vectors(QRS area,
ST area, S-T angle, Q-R-T angle, and QT interval)
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Table 1. Comparison of gender classification performance of individual CNN-based systems

Dataset Model Morphology Epoch Accuracy
ECG-DD 1D ResNet 1D Waveform 89 97.4%
2D ResNet 2D Waveform 72 98.7%
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CSU DB esNe aveform
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Table 2. Comparison of gender classification performance between individual CNN-based systems and the proposed system

Dataset [tem 1D ResNet 2D ResNet Integrated system Ea;;gfgz?e?/girsm)
Epoch 95 68 52 61
ECG-D Acsuracy 98% 98.2% 98.2% 98.8%
Epoch 80 72 76 53
CSU_DB Acsuracy 98.7% 98% 97.9% 99.6%
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Table 3. Performance comparison between previous studies and the proposed unified model (ECG-ID filt signals)

Study Method Dataset Accuracy

Halim et al.[5] LSTM ECG-ID 79.00%
Halim et al.[5] Bi-LSTM ECG-ID 74.20%
The proposed method Integrated system ECG-ID 98.80%
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