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Manifold Dimensional Reduction Algorithm Based on Tangent Space Discriminant Learning

WANG Rui, WU Xiao-Jun

(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Some good dimensional reduction algorithms based on image set have been developed. The core of these algorithms is
performing a geometry-aware dimensionality reduction from the original manifold to a lower-dimensional, more discriminative manifold.
Projection Metric Learning is a dimensional reduction algorithm that is based on Grassmann manifold. This algorithm, which is based on
projection metric and RCG algorithm, has achieved better results on some benchmark datasets, but for some complicated face datasets,
such as YTC, it has just obtained 66.69% classification accuracy. However, RCG algorithm has a poor performance of time efficiency.
Based on the above reasons, a dimensional reduction algorithm based on the tangent space discriminant learning is presented. Firstly,
perturbation is added to the projection matrix of PML to make it be a SPD matrix. Secondly LEM is adopted to map the element which
lies on the SPD manifold to a tangent space, and then the iterative optimization algorithm based on eigen-decomposition is applied to find
the discriminant function to obtain the transformation matrix. The experimental results on several standard datasets show the superiority
of the proposed algorithm over other state-of-the-art algorithms.

Key words: Grassmann manifold; dimensional reduction; RCG; symmetric positive definite matrix; LEM; eigen-decomposition
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Fig.1 Convergence behavior of the proposed algorithm on ETH-80 dataset
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3.1.1 Honda/UCSD % £

Honda #5455 2 t 74 20 AN AN [ (19 A1 59 MR AR 31 K4 1 1) A0 A2 B0 8 v B AN 28 2 A 1 SR AR 1R/ 4k
ST AAH RN [ B B A G AR b &4 10 B R 2 B AN A TR, R 4 B 7E 300 7K~500 7k 2 [H) . AEREAN R o AN R 1Y)
UGS & A B R A Sk i e 3 T DL R R B B4 B AR 22 0], R R 1) RS i 8 58 4
AFT] ST A v FRAT 148 B 1 RS R 4 3] 2020, [] I8, 78 BEAS 28 p FRATT B AL A% MY — AN B S RO 25, 300 1) I1 45
A2 AR 2 S5 #82> Honda A GBI, 2% 1 g sz 45 3L

Fig.2 Part of the face images of Honda dataset

K& 2 4> Honda A\ Ji B4

Table 1  Average result of each algorithm on Honda dataset

F 1 #HEPEA Honda b0 F 1 St 45 1

D Honda/UCSD
MSME®! 92.50+2.74
pccl 94.87+1.32
MMDE4 94.87+1.16

AHISD% 89.74+1.85
CHISD™! 92.3142.12
cbL 08.13+2.64

PML 98.44+2.21

Proposed 99.06+1.51

3.1.2 ETH-80 %4
ETH-80 3#4E R & 47 8 MM, B3R 4. M. D, 8. ’E. B &M 54T 10
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A G AE, A EUEAE T S 4L FERL A T 1B A 1 H R 19 RS #2 256%256. 76 5236 H FAT 98 B A 16
JUSH EIAE 38y 20%20, 10 H AR A G A 3RATTBE ML R 5 A B4 8 T AR 2, 380 1 10 ARGk 1 3 4y
ETH-80 1%, 3% 2 &L 45 5L

Fig.3 Part of the face images of ETH-80 dataset
B3 s ETH-80 15

Table 2 Average result of each algorithm on ETH-80 dataset
F 2 HHVEAE ETH-80 Lt Py ses g )

ik ETH-80
MSMIT 87.82+3.95
DCC[[N]] 90.75+4.42
MMDE 85.72+8.29
AHISD?! 77.25+7.50
CHISD™ 74.25+5.01
GDAP! 92.25+4.16
PML 89.50+3.07
Proposed 92.50+4.25

3.1.3 YouTube %i¥ise
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Fig.4 Part of the face images of YouTube dataset
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Table 3 Average result of each algorithm on YouTube dataset
£ 3 HHIEAE YouTube L[ 25206 45 R

Sk YouTube
MSMIEE 60.25+3.05
pcchd 65.48+3.51
MMDE4 62.90+3.24

AHISD?Y 63.70+2.89
CHISDE 66.62+2.79
GDAR 65.02+2.91
CcDL 68.42+3.67
PML 66.83+7.01
Proposed 71.67£4.91
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Fig.5 Effect of the parameter « and d on the accuracy of the proposed method on YouTube dataset
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Fig.6 Effect of the parameter y on the accuracy of the proposed method on ETH-80 and YouTube dataset
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Fig.8 Effect of the number of iterations on the accuracy of the proposed method on YouTube dataset
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