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ABSTRACT

Unconventional methods of personal biometrics are gaining popularity not only in academic circles but also in the commercial sphere. This
paper focuses on the human ear as an alternative biometric modality and builds on top of the current trends in ear recognition. In this
paper, we present a method for generating a dataset for ear recognition, and we trained multiple deep-learning models on an existing ear
recognition dataset. Furthermore, we provide a thorough evaluation and comparison of used models and training methods with current
state-of-the-art research in ear recognition.
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RESULTS Model EER[%] AUC[%] FIF[%] R1[%] GINT [%] Efi?n
g [%]
MEM-EAR 12.95  90.33 3130  92.09 11.60 14.00
= Baseline ViTEar 14.31 90.30 27.80 96.81 22.40 16.70
s EVAO2-Tiny
o (V‘i\;CEF:rce> PreWAdaEAR 18.44 88.36 37.80  85.64 10.10 18.90
041 = EVAO2-Tiny (OSL) KU-EAR 19.89  88.35 41.40 8280  9.90 18.60
—Ew £AR DHCF 19.92  88.69 35.50  84.67 9.20 17.90
oz mant IGD 21.34 8681 4830 8114 19.50 18.30
sl — EYA02Base RecogEAR 4815 49.38 99.90 201  1.90 39.80
UERC Baseline 3516 71.18 90.80  23.79  5.30 29.90
B Eva02-B-448 Arcface only 1445  89.63 3521 8620 12.18 16.74
i Eva-G-336 Arcface only 17.98  90.87 32.63  91.54 14.49 15.65
Eva02-B-448 Arcface only + artificial data 21.79 87.97 43.27 80.86  10.12 17.98
Eva02-B-448 Arcface + norm + conv 2342 84.34 7375  72.61  8.44 20.79
Eva02-Ti-336 Arcface only 2977 76.12 88.59  57.98 3.29 26.34
Eva02-B-448 Arcface + osl (euclid) fixed batch 18.54 88.34 38.96 86.20  13.40 16.13
Eva02-B-448 Arcface + osl (euclid) 1024 batch 20.35  88.23 42.62 8294 1892 17.69
Eva02-S-336 Arcface + osl (euclid) 512 batch 20.50 87.88 45.24 76.01  8.36 16.73
J Eva02-Ti-336 Arcface + osl (euclid) 512 batch (192 samples) 21.41 86.31 72.83 57.49  8.86 20.94
. " Eva02-B-448 Arcface + osl (euclid) 2048 batch 22.66  87.28 46.38 8329 1822 18.02
<° ¥ ¥ v ﬁ@& s@‘ ,Q}’bc Eva02-B-448 Arcface + osl (cos) fixed batch 24.37 86.76 47.48 81.41  9.99 20.49
Qe,‘(@}e & @@,‘,\z @6‘?}6 « & Eva02-Ti-336 Arcface + osl (euclid) 512 batch (32 samples) 26.92 79.63 83.82 34.26  8.62 25.53
Covariates Eva02-B-448 Arcface + triplet 1473 90.68 34.42 8440 14.72 16.02
Figure 3: Comparison of differential performance due to demographics at the EER Eva02-B-448 Arcface + triplet + self learning cosine (1) 12.84 91.60 36.14 85.51  21.73 15.33
operating point with respect to different demographic subgroups. Comparing Eva02-B-448 Arcface + triplet + self MSE 1372 9080 3184  85.37 1743  18.09
EVAO02 models with the best UERC2023 models. Eva02-B-448 Arcface + triplet + self learning smoothL1 (beta=0.5) 13.96 90.71 30.29 86.13 9.95 14.80
Eva02-B-448 Arcface + triplet + self learning smoothL1 (beta=1) 14.45 90.79 35.86 85.37  11.73 15.20
061 EEE Female - Asian Eva02-B-448 Arcface + triplet + self learning cosine (2) 16.27 91.06 39.31 85.37  12.86 17.61
m Female - Black
e Table 1: Comparison between different models and training methods on UERC2023 dataset
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Figure 4: Comparison of the spread of performance due to demographics at 00 01 02 EER 03 04 0>
the EER operating point for different models. Comparing EVAO2 models with Figure 5: Comparison between best EVA02 models (red) and UERC2023 models (blue) on

UERC2023 models.

Please refer to the thesis for citations of the sources and images used during the preparation of this poster. models are a new pareto optimal models with best GINI/EER performance.

GINI (bias performance) and EER (verification performance). The selected EVAO2-Base




