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A Study on the Synthetic ECG Generation for User Recognition
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Abstract

Because the ECG signals are time-series data acquired as time elapses, it is important to obtain comparative data
the same in size as the enrolled data every time. This paper suggests a network model of GAN (Generative
Adversarial Networks) based on an auxiliary classifier to generate synthetic ECG signals which may address the
different data size issues. The Cosine similarity and Cross—correlation are used to examine the similarity of
synthetic ECG signals. The analysis shows that the Average Cosine similarity was 0991 and the Average
Euclidean distance similarity based on cross—correlation was 0.25: such results indicate that data size difference
issue can be resolved while the generated synthetic ECG signals, similar to real ECG signals, can create synthetic
data even when the registered data are not the same as the comparative data in size.
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Class 1 2 g 4 5 6 7 8 9
Results 0.997 0.995 0.995 0.994 0.995 0.99 0.989 0.996 0.993
Class 10 11 12 13 14 15 16 17 18
Results 0.989 0.988 0.987 0.989 0.978 0.989 0.973 0.994 0.993
Class 19 20 21 22 23 24 25 26 27
Results 0.992 0.989 0.991 0.989 0.988 0.993 0.991 0.993 0.979
Class 28 29 30 31 32 33 34 35 36
Results 0.994 0.995 0.992 0.989 0.978 0.995 0.988 0.995 0.994
Class 37 38 39 40 41 42 43 44 45
Results 0.992 0.986 0.989 0.988 0.995 0.994 0.994 0.974 0.986
Class 46 47 48 49 50 51 52 53 54
Results 0.987 0.983 0.929 0.993 0.993 0.993 0.984 0.985 0.996
Class 55 56 57 58 59 60 61 62 63
Results 0.994 0.997 0.977 0.997 0.995 0.979 0.995 0.994 0.992
Class 64 65 66 67 68 69 70 71 72
Results 0.981 0.995 0.995 0.991 0.994 0.992 0.987 0.994 0.994
Class 73 74 75 76 77 78 79 80 81
Results 0.991 0.994 0.993 0.989 0.991 0.986 0.993 0.995 0.988
Class 82 83 84 85 86 87 88 89 AVG
Results 0.993 0.995 0.995 0.988 0.994 0.991 0.994 0.997 0.99
I 2. WAF AR e f32|Cle HelE 0|88 FAIE EY Za}
Class 1 2 3 4 5 6 7 8 9
Results 0.263 0.351 0.165 0.246 0.211 0.3 0.177 0.241 0.359
Class 10 11 12 13 14 15 16 17 18
Results 0.135 0.253 0.222 0.175 0.197 0.26 0.359 0.162 0.226
Class 19 20 21 22 23 24 25 26 27
Results 0.324 0.297 0.27 0.349 0.22 0.258 0.196 0.361 0.295
Class 28 29 30 31 32 33 34 35 36
Results 0.269 0.343 0.167 0.189 0.223 0.313 0.355 0.171 0.339
Class 37 38 39 40 41 42 43 44 45
Results 0.197 0.209 0.331 0.28 0.259 0.313 0.17 0.363 0.217
Class 46 47 48 49 50 51 52 53 54
Results 0.322 0.166 0.228 0.283 0.34 0.216 0.289 0.191 0.229
Class 55 56 57 58 59 60 61 62 63
Results 0.275 0.138 0.223 0.26 0.249 0.316 0.162 0.182 0.265
Class 64 65 66 67 68 69 70 71 72
Results 0.188 0.159 0.334 0.237 0.161 0.28 0.317 0.289 0.313
Class 73 74 75 76 77 78 79 80 81
Results 0.194 0.262 0.224 0.241 0.219 0.195 0.328 0.213 0.309
Class 82 83 84 85 86 87 88 89 AVG
Results 0.323 0.16 0.242 0.323 0.211 0.193 0.219 0.138 0.249
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