Journal of The Institute of Electronics and Information Engineers Vol.61, NO.12, December 2024 https://doi.org/10.5573/ieie.2024.61.12.112
ISSN 2287-5026(Print) / ISSN 2288-159X(Online)

=& 2024-61-12-14
28 g HolHA S= 3 9= 94 AaR A

(Improving Face Recognition Performance through Hyperspectral Face
Dataset Augmentation )

Ao, T AL el A AR o &

’

( Youngin Choi, Jusung Kang, Jioh Lee, Younghak Shin®, and Heung—-No Lee)

[®] ok
5 =
RGB olW|Al= w7, 25, 947o] A 7bA] 718 A4 Aduks AHgate] ARE xdste W, 284 ouAE o He &

HEHS d83to] JRE Holyllt}. o5 3 Z_E—Er%} A= oA = =] AFAQ 54T IF JEE ¢ 749}0}71] ket
o ole g ARE AlEdt a8y 2 = oW A& 53] Yeire vt b, Aagk | AX|, 1o
Agtd & o] s o] T g9 dlo 137|171 ofget. ol gt olf= dA FUH

WA D AE FIF AGdH o, o] 2EF © ARSI Q1A Al=Ele] ARtslel| ofH & Fk o] & slAsy] $lEl,
2 =RdAE 28 = dogAle gddes Furlie % 71We Adeth WA, ouA|
StyleGAN2-ADAE Al-g3lo] A2 A AAS 573 §, Face Pose Augmentations 2-83}0] 5 215
25 Aoz HolHe thedd S EEiaith G olnx] 7|NE A= Q1 A B Aokd doly T4 WY &
S5 Wl 7 2l s Hes 29, BE RN S4E 2% de H]O]EW\ F7t2 ARES 9- Accuracy”Zl 3
H9lon, Al 0.99077H4 Aol S71stth o]& Eaf Aeky uhHo] A& 912 A|xElY] A ] foju|dk 7S g

2= 0]0.0 0]=3)
T/\J\u BOO}M

A
mlm
>

Abstract

RGB images use only three primary color channels to represent information, whereas hyperspectral images capture
data using a broader spectrum. This allows hyperspectral face images to provide more detailed information, enabling a
more accurate analysis of facial features and skin conditions. However, obtaining hyperspectral face images requires
expensive cameras, precise equipment setup, and restricted environments, making it difficult to collect a sufficient
amount of data. As a result, publicly available hyperspectral face datasets have limited objects and sample sizes,
hindering the generalization of face recognition systems based on hyperspectral images. To address this issue, this paper
proposes a data augmentation method to increase the diversity of hyperspectral face datasets. First, StyleGAN2-ADA,
an image generation technique, was used to augment new facial objects. Next, Face Pose Augmentation was applied to
generate diverse poses for the same object, further enhancing data variety. Through face recognition experiments based
on hyperspectral images, the effectiveness of the proposed data augmentation method was validated across four models.
The results showed that the models trained with the augmented hyperspectral face dataset exhibited improved accuracy,
with performance increasing up to 0.9907. This demonstrates that the proposed approach can significantly enhance the
performance of face recognition systems.
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Table 2. Metrics Used to Evaluate Face Verification. Table 3. Performance Evaluation via Open-set Face
Metric Description Verification.
Accuracy |*The ratio of correctly classified samples Model Metric Base Proposed
in the entire dataset Model Model
AUC * Area Under the Curve Accuracy(T) 0.9448 0.9609
* Represents the area under the ROC curve AUC(T) 0.9530 0.9854
Whidch1 indicates the performance of the ool . 0.001 0.9632 0.6316
mode obileFacenet | T
* Effective  for imbalanced datasets by FAR(T) 0.010] 0.7368 0.7895
evaluating performance across thresholds 0.100 | 0.3421 0.9474
TAR@FAR |+ True Accept Rate at a given False Accept EER(]) 0.1606 0.1116
Rate Accuracy 0.9241 0.9517
* The rat.i(;l of co.rre.ctly sccepteﬁ genuine AUC 0.9467 0.9907
— ;Sers1 \;:flt outhe]ectlngt em 1n the system - o . 0.001 0.05%6 0.6316
* Equal Error Rate obilenet-v2 | TAR
* The point where the false accept rate and FAR 0.010| 04211 0.6842
false reject rate are equal, indicating the 0.100 | 0.8421 1.000
error rate at this threshold EER 0.1151 0.0252
Accuracy 0.7103 0.8344
H =9 (proposed modeD?] A5S Hlugh AFE H AUC 0.7098 | 0.9619

= 0.001 | 0.0526 0.2105
olET. Shufflenet-v2 | TAR@

Andow, v M BY BE 7)E 28 9F pap |0010| 00526 | 03684
OB A AHgElE At S4E 2EF A doly Q100 0210 | O8eA
AE B ALEE BN T S5E A% wold EER | 02770 | 91151
=3 Shufflenet-v2¢] AUC A%< 0.70984 Accuracy 0.7517 0.8781
=0 - o= .

oo ety e e AUC 0.8467 | 0.9262
= =ko: o, A = O
0.96192 7kstel 0.2521 =% 7P 22 EfficienNet 0.001 | 0.000 | 0.0526
LI . [e)
AUC )‘5]’0_% Mob11enet—v2°ﬂ/\1 L]’ﬂ"/d"g-tq, 0990 = -LiteO TﬁfR@ 0.010 0.1053 0.1053
7]%6}%1:]3 O]"CT, —‘Jj—ﬁe]o] %‘8‘ Accuracyfl} I‘;"_]_Z:}E 0.100 0.5263 0.7895
(sensitivity) & AU 9&-S gnjsit}, EER 0.2170 0.1139
Accuracy A5 HgAoR 0.0735 R0,
7 =& Accuracy: MobileFacenet2 53l 0.9609
2 yghgth, =8 TAR@FAR  0.1009]14%= Zeke] e HE AE VEeR 35709 MEE
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