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EFEM VGG ( Visual Geometry Group) PIZ& = Gl AR I, ik o T OEARIE & AR i1 4, 5t
TGS S B Ay e R —(E AR 2 (local binary pattern, LBP) #51iE A AdaBoost 32 5[] 2 #L ( support vector ma-
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Hyperspectral face recognition based on partition
bands optimal selection and deep features

Xie Zhihua® , Li Yi, Niu Jieyi

Key Laboratory of Optic-Electronic and Communication, Jiangxi Sciences and Technology Normal University, Nanchang 330031, China

Abstract: Objective The applications of hyperspectral face imaging have been getting more and more concerned due to the
low cost of hyperspectral camera. Hyperspectral imaging has been providing sufficient distinctive information along the spec-
tral dimension for unconstrainted face recognition system. The hyperspectral face images have been taking challenges such
as low signal to noise ratio, high computational complexity and cross-band misalignment. High data dimensionality can
result in high computational costs. Not all spectral bands are equally informative and discriminative. The useless spectral

band usage may even produce noises and weaken the performance. Spatial feature extraction and optimal bands selection
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have been two vital issues for robust hyperspeciral face recognition. The feature representation based on deep learning has
obtained excellent performance in image classification tasks. The deep neural networks to extract spatial features for hyper-
spectral face data have been focused on. A novel hyperspectral face recognition method based on automatic bands selection
and visual geometry group network ( VGG net) with the success of VGG net in traditional face recognition. Method First,
an improved AdaBoost algorithm has been built up to select the optimal bands for different facial regions. One face has been
divided into 3 x5 partition mode based on the robust 68 landmarks from the cascade regression method to get the adaptive
spectral features for different facial organs. Next, support vector machine (SVM) has been opted as a weak classifier for
AdaBoost ensemble learning for bands selection. SVM is more suitable for small sample and high dimension sets, and lower
sensitivity to imbalanced datasets, which are the characteristics of hyperspectral face data. Thus, the AdaBoost SVM algo-
rithm has been used to select optimal bands (ranging from 450 nm to 1 090 nm) for hyperspectral face recognition. The
AdaBoost SVM is based on partition local binary pattern (LBP) features. Second, a convolutional neural network ( CNN)

structure has been built for deep feature extraction in each hyperspectral face image based on VGG12 deep network. There-
fore, VGGI12 network can fulfill the deep feature extraction in spatial domain. Third, a three-layer stacked auto-encoder
(SAE) has been trained to mine the discriminative and compact features amongst different bands. Finally, the nearest
neighbor classifier has been applied to get the final results. The automatic bands selection is based on partition LBP features
instead of original images. The optimal bands selection can choose the most suitable bands for different regions in faces.

The second novelty has combined the supervised deep network ( VGG12) with unsupervised learning network ( SAE) to
fully mine within and between spectral features in hyperspectral faces. Result To verify the effectiveness of the proposed
hyperspectral face recognition method, the comparative experiments have been conducted on public UWA hyperspectral face
database (UWA-HSFD) and Hong Kong Polytechnic University hyperspectral face database ( PolyU-HSFD) databases
where the spectral bands vary from 400 to 1 090 nm with the spectral interval of 10 nm. The two datasets have been prepro-
cessed and normalized to 220 X 180 hyperspectral face images. The ratio of the test set of the training set is 1 : 1. The first
half samples have been used as the training set and the rest have been used as the test set. The VGG12 network has been
trained based on the multi-spectral bands cycle. The objective function of the network is Adam. The super parameters of
VGG12 are set as follows: a = 0.001, B1 = 0.9, B2 = 0.999, epoch = 10. The learning rate of SAE network is 0. 000 1
and epoch is 10. The all experiments have been implemented on the computer platform whose configuration is of 2. 6 GHz
CPU, 8 GB GPU. In contrast experiment 1, the bands selection algorithm based on partition LBP features has been superior
to the traditional method based on the whole faces. The main reason is that partition LBP features can improve the influence
of non-alignment factors of hyperspectral facial data and select optimal bands combination for the different face regions. In
contrast experiments 2, the method with SAE model can get a higher recognition rate than that without SAE model by intro-
ducing little computational complexity (about 15% consuming time). In contrast experiment 3, compared with the existing
deep learning network, the proposed VGG12 network, retaining only 6 ~ 8 spectral bands, achieves the highest recog-
nition rates (96. 8% and 97.2% ) on both databases. Conclusion The experiment results have shown that the combi-
nation of bands selection and VGG12 is feasible and effective for the performance improvement of hyperspectral face
recognition.

Key words: hyperspectral face recognition; local binary pattern (LBP); VGG net; bands selection; AdaBoost SVM
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Fig.1  The flow chart of hyperspectral face recognition
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Acc, = 4rAEH B, BN
T =TU {Acc,! ,
End,
HEST arg max T, SEUBIRATS 00 b 1
HRITER b € B,

8/)' = 2 wi ’

hy (x(Xp,i)) #y;
By =¢&,/(1 —¢&,),
For1 to M.

If hb'(x()\,,,;)) =Y,
Then w, = w, x B, ,

s= 2w
i

F=FU{b'},
End;
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2 VGGI12 Mg 1ER
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Pl AN o SR T 2 A AT D' A T B 1
25 (VGG net Fl Deep 1D ) Xif i 6 i ARG B k17 5%
IR, T BGE LA (AT ( Szegedy 45,2015 5 Simon-
yan il Zisserman ,2015) , £ VGG net X 2% FeA Lk
F T 45,2017 ) A T 1) e G i A AR 9 Y

For all w, ,w, = w,/s , JNED S BRI 4 D (g L A, 2018) , dE
W, =log(1/B,) , 12 2, B BB RN 3 x 3, 45F aniEl 3 i
B-B\|b] . T A SO R BE BB TR VGGI2 %
BatchNorm  BatchNorm BatchNorm
ReLU ReLLU ReLLU
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Fig.3 Hyperspectral face deep neural network model (VGG12)
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Fig.4 The three-layers structure of SAE
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Fig.5 The recognition rates of different K values
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Fig.6 The recognition rates of different bands selection algorithm( (a) PolyU-HSFD; (b) UWA-HSFD)

0T AR SR Y B R G AR R 7 2 AT
BbE fE UWA Al PolyU it il & ., 5
AlexNet ( Krizhevsk 55,2012) . VGG net ( Simonyan £/
Zisserman, 2015 ) . GooglLeNet ( Mollahosseini 4§,
2016) .Deep ID( Sun 55,2014 ) Fil DeepFace ( Taigman
85,2014 ) S5 TR 2 ) 45 B H A 3 615 N R O
PEATXT S , g5 Rk 1 s, nTLAEH, 1) #2
HE R T T AR A L A TR B2 > N 25 T
Tk, TE S Ba 4R ER OIS T 0 e A IR R
(96. 8% H197.2% ) , BiWIESE n] WL OGN TR E M 2%
AN TR T AR TR B R A 4RI, 2) 23
o+ VGGI2 J5 ik (AR 25, 2019) iU 45
(PolyU 41 94.8% ,UWA 4 95.2) &F- sk £ b i
TR AT BT R A 2R (H P AR SR HE O T A TR
B, BT SO 1y 4 B B Sl e85 2k L
SRS DR St S i RN =D i PN, A S
155, RESE I A S i ik e £, 3) ML T T Ay
TR G SAE 28X T3 iy e 4% J5 A R 32 48 7
ST, IR Y SAE 357 RRAE Rl A A5 RS A
IR 455 BeA RS EDGIE AU PERE

BT PR AR MU 4635 R AiE R, VGGI2
W% Ml SAE [ 45 Il 2k 7 . 1> GPU(NVIDIA GTX
8 GB) L& T M3, A [7) 235 49 9 28 )11 2538 8 1] ] %f

x1 ARIREMBER

Table 1 The recognition rates of different methods

s P/ %
PolyU-HSFD ~ UWA-HSFD
AlexNet 65.3 60. 5
VGG net 83.6 86.7
GoogLeNet 81.4 74.6
Deep 1D 83.6 71.8
DeepFace 74.2 75.2
VGGI12 87.6 90.2
VGG + SAE 87.1 90.7
ZEAERR + VGGI12 94. 8 95.2
P + VGG12 95.2 95.8
P + VGG12 + SAE 96. 8 97.2

TE PR FR B SR ALER

FEBR N 2 B, ATLAR 1) 3l ekt T Bk
e 7SR ELANRE 1SR B B B AL A, o T IR EE )
HINGRIIRCR , 2) FERIRTE T &, SAE 78 M % ¥
4 bR SR IR BERRAT — E O SE N 5 (B 22 ad 3T I 1k
Ja , TR A A B B AME, mT LA R
B AR TR BE PR R O XE B2, SAE I 2502 2 FE A 80k
ks, 7E PolyU-HSFD 4l 4E I SAE B I Rt i)
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S, FR, F85— / RESREFRIEREHINSE AR

M 124 min I/ 5] 28 min; /£ UWA-HSFD 554 I
YIZEFERT M 133 min J/ 3] 35 min, 7F i B9 AR
HEZE i SAE Il 25 #E W 76 J5L A LAl b3 T
25 15% .

ZREAR 1 MR 2 1% M BRI R BE M 25 B 25
SRR B R B T B AR R AR TR B Y
28N 2R 2% B 0 [m] sk e 62 TR MR BB ; SAE LA/
I IA) 5 A% B tE— 2D AR T T e RIS L

Ja AR SONE S O F TRE 7 b i xd
W, ARk 3 Fron, ATLAE 1) #2111 VGGI2
TREE 48 AR 58 F TRRE IR 1 58 = A TR ) % 16
IR BERFIE T /51 D615 AR R 3R s B A &Lk, 2)
T R TR B X 28 TE PR B A £ A RICR LU X AE 42
Jrik MR Ry PE T T T s D0 B S Y i R
TIRBE MK BRI A IZ AL RE 1, B i 1 IR FE N 25 1| 2
GORUE eSS IE N

Fz2 MEIZATEITER

Table 2 Consuming time of different network structures

I [8]/ min
B ARAE
PolyU-HSFD  UWA-HSFD
TEAF B + VGG 243 251
JRIR TR + VGG 327 369
FEARVEPARIE + VGG + SAE 271 286
JEIATEMHRE + VGG + SAE 451 502

TE L7 R R % 81 e fle 4

*3 REFUESFIHMEXILER
Table 3 Recognition results of deep

features and crafted features

PR/ %
FRAIE 2R
PolyU-HSFD ~ UWA-HSFD
2 4k Gabor 54 85.9 81.6
3 Y/ N AE 81.6 83.6
LBP 79.5 78.7
VGGI2 87.6 90.2
TEHF I + Gabor 25t 87.1 85.7
TEAHFRERE + 3 2/ NI AR B 81.2 84.2
PR + LBP 83.3 84. 1
TEHF SR + VGGI2 + SAE 9. 8 97.2
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o B, AT R AR o A U 2
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T G 26 R AL A I 24 0ok 2 T NI I SRR AE A
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SEUR L 28 5 B U T U R
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