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Abstract; Graph embedding discriminant analysis on manifold
approach represents each image set as a subspace on manifold.
It maps the manifold to a more discriminative one with
geometrical structure and local information preserved.
However, its accuracy critically depends on the number of
local neighbours when constructing similarity graph. This
paper presents a novel approach with fixed neighbour numbers
to implement graph embedding Grassmannian discriminant

R . 2012—-05—16

analysis based on low-rank representation (LRR) for each
image set. After the low-rank components of each set being
recovered, to preserve the nearest neighbour structure of
nodes with the same label and all the different label
information during the manifold mapping can always achieve
the best performance. Experiments on two image datasets
(15-scenes categories and Caltech101) show that the proposed
method greatly improves the classification accuracy of image
sets.

Key words: manifold discriminant analysis; low-rank

representation; image set; graph embedding
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Fig.1 Images with large in-class variations
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Tab.1l Image set classification aceuracy comparison on
15 scene image dataset %

WA RS B R
gtﬂ%é WRERERT  maemwni g £ D
EXFtk GEGDA

I GEGDA
Dy, L1 90,61 85.45 95.66+1.81 (1) 83.08+2 94 (5)
DggosLz 88,25 85.73 98.3240.80 (1> 88114275 (6
Dogo,Ls 89,93 89.37 95944259 (1> 91,7542 12 (5
Dsoo,L1 91,89 86.29 97.76+1.35 (1) 85.59+3. 82 (6)
Dsge, Lz 92.31 87.55 97.76+1 52 (1> 88.39+1. 82 (4
Dsoo,Ls 91,33 §1.05 95.94+1.52 (1) 92,73+2. 74 (4)
Dygo, L1 91.33 87.41 958011 56 (1> 83.50+3.62 (5
Dyo,L; 92,03 89,37 99.3010.86 (1) 89.23+3.38 (6)
Dyo,Ls 80,63 89,93 94.54+1,25 (1) 89,23+3.18 (6)
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Fig.2 Classification accuracy comparison between the proposed method and GE-GDA.
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Tab.2 Image set clagsification accuracy comparison on
Caltechl01 image dataset %
W BRI
ko) wesniams  EECRRIRERE
Ak GEGDA A HE GEGDA
Doy ,L1 45,36 44,02 69.76+1.73 (1) 43.73+1.00 (2)
Doo,Lz  47.8%  47.61 73.25+2.51 (1) 48,81+2 81 (1)
Do s L3 52.06 54,02 76.3241.31 (1) 61.15+1.14 (3
Dyo.L1 44,83 43,88 68 42742 95 (1) 45.50+2, 35 ()
Dso-Ls  47.80 46,27 71,63+3.05 (1) 51,7242, 48 (1)
Dag.Ls 52,25 52,11 71.1040.89 (1) 61.29+2.81 (1D

Dugo L1 44,74

Dy ,L; 47.56

Dug Lz 52,11
JrEstA s FICER[5 19 GEGDA Jriktp RHIRE T
R R HER 3R, 3F B WIE A s BHER 34
WA Z B BA B AHETT, T GEGDA J5 ik B i
TERERAE & S0 RBR BRI F AR ., T
H oMo RBRERAFER.

4 Hig

SR RS B A RIS 0 B b RS
SRR D B A G W T 43 3kt A G 1) A, A
SCHEH T —FfEE BN R T 8 & Grassmannian 3
T K9 e R R R 2R T . TEEEBE S
KE, B Sl B A A IR R PR R R
B8 B e S PRI, U5 TE ML B SR R B Bemt b3
£7 Grassmannian i S 9 5. LRER RN, &
KB E T /2R 0 & K F R R A 83
TR 4SHEERNFREL. AR KRR
TR TR 40 R BB 4 ) T T A e B AR o DA R4
T 2l R AR X SRR BB 4.

43, 92 69.38+1. 94 (1) 46.22+1. 74 (3)
47,46 69,9542, 35 (1) 51.82+1.76 (2)
52.11 67.03+1. 40 (1) 61.44+1, 38 (D)
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