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Unsupervised feature learning for human activity recognition

SHI Dianxi, LI Yongmou, DING Bo
(College of Computer, National University of Defense Technology, Changsha 410073, China)

Abstract: To solve the problems that human limitations may cause the loss of important information, thus affecting the classification results, a

feature extraction method based on unsupervised feature learning techniques was proposed. Unsupervised feature learning method to learn multiple

feature maps was used and concatenated together. This method can avoid the loss of important information, and also can significantly reduce the

scale of unsupervised feature learning model used. To evaluate the proposed method, experiments on a public human activity recognition dataset

were performed, using three commonly used unsupervised feature learning models, and finally using support vector machines to classify activities.

The results show that the proposed feature extraction method achieves good results, and has certain advantages compared with other methods.
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feature learning
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YA AR UEZE BRIV, DA SRR IR AR S B
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Ky JE i FH one-vs-one J7 2, 4% eR AU R Y
Tz R, SER AR, TR VIR AR A
10-H728 LI, /£ Ce {277,274, 2 | Ml y e
(270,277 - 20 AR PR R A C Ay M,
SRIGE B ALY C Fy TEVIZREE BSR40 26
i, 55 HRE A IR IE ) TR SR AL 4R B
HERR AR, WK 3, R 3 I RAT LA
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Tab.3  Recognition accuracy of SVM for different features

FFE 2 LITEAER/ % DR UER 2/ %

SAE channel-wise 95.14 91.08
SAE Mono 95.05 88. 60

DAE channel-wise 95.01 88.87
DAE Mono 92.87 79.10

PCA channel-wise 95.29 91.82
PCA Mono 94.98 90.53

B G T RHIE 97.55 88.56
BRI AE 92.86 85. 14

3 g

ARSCPREH T — b T IC B Rk 2 ) 15
PRGBS O 7k o X R I E BA DU T
A+ BTG BRI 2 ) — RO PR A B 45K By
PTT 7 2T AR R SBS , FT LA AT LA G i 2 6 45
K5 BENS A S BRI FRIE R 3 T ok
VRIS B /D 5 AR E B AR AL 12 BT 3 R
PR RN, T HAt [l o A — 2 A 47 3

BT AT IER B R AR A T B 4R vk
g s e . SCRass R KM, channel-wise J7
BENE (1 e SR o) 2011 R 7 e 7 2
channel J5 3, I HALYE T I S8l Ge TR AE AU Ry
fiko AP R 5T B9 =Rl R AIE o7 > B Hp, SAE I
PCA REAN LI T DAE, iy 556 Fr 4 I 1)
TR G M B A 2 > BT T 7 R
Bl A N — 2 TAE ol 2R B 28R T
RHIERIR
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