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Multi-view multi-mode projections
 Multi-mode projections into low dimensional space

7

LL UUXY ××= 11

Extend to multiple views

i: Class index (i = 1, …, nc)
k: Sample index of class i from view j (k = 1, …, nij)

XY = 1× U1  L× UL

Mode index View index
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Concatenate multi-view projection matrices
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X Y
=1× 3×I1

3rd order tensor object

I2 I32×

3rd order tensor object
(low dimensional space)

Initialize projection matrices as identity matrices
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Analysis of algorithms
 Assumption

 Equal dimension in each mode
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Algorithms LDA MvDA DATER MvDATER
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Application to cross-view gait recognition:
Setup
 Data set
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Proposed method yields the best accuracy for the most of cases
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Application to cross-view gait recognition:
Result for OULP (Probe: 75 deg)
 Sensitivity analysis of #training subjects
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Application to cross-view gait recognition:
Result for OULP (Probe: 75 deg)
 Sensitivity analysis of #training subjects

 #Training subjects: 10 to 956
 #Test subjects: 956

15
Proposed method suppresses accuracy drop for small sample size
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Summary
 MvDATER: Multi-view Discriminant Analysis 

with TEnsor Representation

 Future work
 Comparison with other cross-view gait recognition
 Validation in various cross-view recognition
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View 1 (front)Mode 1 (y)

Mode 2 (x)

Mode 3 (t)

C1 C2 C3
View 2 (oblique)
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View 3 (side)

C1 C2 C3

MvDATER

C1 C2 C3

U1,
1

U2,
1

U3,
1

U1,
2

U2,
2

U3,
2

U1,
3

U2,
3

U3,
3

Common discriminant space
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